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Abstract: Non-prehensile coordinated mobile manipulation is challenging because interactions
between the robot bases and payload must be managed carefully. We present the Dynamic
Admittance parameterization of Non-Prehensile Multi-robot Transport with Optimal Coordi-
nated Planning (DYNAMO) architecture for payload transport using dual nonholonomic 4DOF
mobile manipulators. DYNAMO minimizes snap and angular momentum change along a payload
path and adapts arm motion to interaction forces. In hardware experiments DYNAMO achieves
longer and more reliable payload transport than position-based methods, providing a practical
foundation for multi-robot cooperative grasp-free manipulation.
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1. INTRODUCTION

Among the various multi-robot tasks, cooperative trans-
portation of objects without grasp-points presents partic-
ular challenges in dynamics and control. Non-prehensile
manipulation is much more challenging than prehensile
manipulation (e.g. grasping or caging) in that the payload
must be sustained using frictional and pushing forces.
While caging end-effectors can handle grasp-point free
objects, non-prehensile manipulation via a flat-plate end-
effector demonstrates adaptive control law alone is suf-
ficient. Multi-robot cooperative transportation allows for
the manipulation of larger objects (scaling with the num-
ber of agents) and objects without grasp points via non-
prehensile manipulation. Practical applications include
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Fig. 1. Joint Integrated Admittance, Navigation, and
Transport (JIANT) robots are modified Swarmies
made from off-the-shelf and 3D printed components.

robotic warehouse logistics, cleanroom laboratories, and
“lights-out” manufacturing facilities.

To address this challenge, we introduce the Dynamic
Admittance parameterization of Non-Prehensile Multi-
robot Transport with Optimal Coordinated Planning
(DYNAMO) system, in which two robots cooperate to
transport a payload without grasp-points. A coordinated
optimal planner generates the desired trajectory of trans-
port, and a dynamically parameterized admittance model
addresses robot pose uncertainty during transport. In our



experiments a payload (see Figure 1) was successfully
transported 100% of the time, whereas a position con-
troller achieved 0% success and a static admittance con-
troller achieved only 5-25 % success.

Since our system is demonstrated on physical mobile hard-
ware, it departs from prior work in simulation or fixed-base
robot arms (Hichri et al. (2019); Liu and Miah (2024)).
Our method is most closely related to caging-based co-
operative transport (Tuci et al. (2018)). This foundation
of our approach, the natural admittance controller in-
troduced by Newman (1992) models compliant behavior
via mass-spring-damper systems. Methods for analytically
designing admittance or impedance controllers include
passivity methods, which can be leveraged for actively
changing parameters to improve stability or controller
convergence Slightam et al. (2021); Slightam and Griego
(2023). For surveys of non-admittance control strategies,
see Amirkhani and Barshooi (2022). Leader—follower ap-
proaches are reviewed in Jinyan Shao et al. (2005); An
et al. (2023). Yufka and Ozkan (2015) demonstrate a multi-
robot system where the object is rigidly affixed to the
robots, eliminating the need for compliance. In purely
theoretical work, robot—payload teams are modeled as a
unified system using Jacobians to optimize coordination
(Chen and Kai (2018); Qin et al. (2022)) assuming perfect
knowledge of dynamics.

Admittance control has been applied in single-robot sys-
tems (McArthur et al. (2024); Gholampour et al. (2025)),
multi-arm settings (Li et al. (2019)), and simulations
(Barawkar et al. (2017)). Carey and Werfel (2021) simulate
linear transport of a grasped payload using impedance
control. In contrast, DYNAMO enables transport along
curved trajectories with compliant, non-grasping end-
effectors in hardware. Duan et al. (2018) demonstrate an
adaptive method that tracks dynamic forces on a single
manipulator by adjusting impedance parameters online.
In contrast, we apply adaptive tuning framework to multi-
robot non-prehensile mobile transport to enhance perfor-
mance under uncertain sensing and actuation.

2. METHODS

We implemented the proposed admittance control strategy
for non-prehensile cooperative manipulation, describe the
construction of JIANTS, and the experimental design used
to evaluate DYNAMO'’s performance in hardware trials.
All numerical values are reported to two significant figures
unless otherwise noted. The robots are named Monica and
Ross in reference to a TV show in which a group of friends
struggle to cooperatively carry a couch.

2.1 Analytical Methods

Static Admittance Control Hogan and Buerger (2004)
define an admittance controller by the relationship be-
tween force and motion at the “port of interaction”. By
modeling the compliant mechanical behavior of a mass-
spring-damper system, forces at the end-effector are trans-
lated into smooth motion trajectories that prevent damag-
ing the manipulator or the payload. The general formula
for admittance control in one-dimensional free space is
given in Equation (1) where Fey is the external force, M
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Fig. 2. (a) Lateral view of the transportation setup. (b)
View from above of the payload, mobile base, and
manipulator base poses labeled. Heading adjustment
angles 0y and 0g.

is the mass, B is the damping, K is the stiffness, and x is
the relative distance from the virtual position.

Fow=Mi+ Bt + Kax (1)

We introduce a frame of reference by defining a virtual set
point z as shown in Equation (2) where z is the relative
distance from z,. By setting x, inside of the payload, a
controlled force, Feyt, can be exerted.

Fext = Mi+ B+ K(xz — ) (2)

With 2 = 0 and & = 0 and step size At = 0.002
(500 Hz update rate), Euler’s method is used to compute
the displacement (x; — xy) generated by the admittance
controller in Equation (5).

. 1 .

By = M(Fext — Bi — K(x4-1 — av)) (3)

.').S't = i‘t,1 + .’EtAt (4)
Ty — Ty = (X1 — Ty) + TeAL (5)

This controller is implemented on both JIANT robots,
modeling each as a mass-spring-damper system on either
side of the payload as seen in Figure 2a. This dual-
admittance is necessary in eliminating the potential of
high impact forces, which could damage the manipulator
or the payload. The parameters for the static admittance
controller (Table 1) were initially chosen using the critical
damping heuristic, By = 2V MK, then hand tuned to
maintain consistent contact between each manipulator and
the payload prior to driving.

Online Dynamic parameterization of Admittance-Based
Control  The static admittance controller in Section 2.1.1
is parameterized for a fixed inter-robot distance, which
changes during transportation.

We propose a dynamically parameterized admittance con-
troller that updates K and x, during transportation based



Table 1. Admittance controller parameters for
static and dynamic parameterization.

Symbol Meaning Default Value
Ty Default virtual position 0.25
K Default stiffness 60
B Default damping 70
M Default mass 5
Qy Gain for x, update 0.5
ax Gain for K update 30

on inter-robot distance. These update rules are defined as

follows:

T =zy + age (6)

K' =K+ age (7)
where e = ||pm — prl| is the magnitude of the error
in relative position between Monica and Ross, x, is the
default parameter for virtual position, K is the default
parameter for stiffness, o, is the scaling factor for virtual
pose, and a is the scaling factor for stiffness. Modifying
Equation (2) to use the adaptive variables z/, and K’ ar-
rives at the dynamic admittance controller in Equation (8).

Foxt = M3+ Bi+ K'(z — 1)) ()
Foxt = Mi+ Bi+ (K + age)(x — 2y — age)
Using Euler’s method as described in Equation (5), to-
gether with the formula for dynamic admittance from
Equation (8), and solving for the displacement (z; — zy)
yields Equation (9),
Tt — Ty = (241 — (Ty + aze)) + At(d4_4

+ At <1(Fext “Bi— (K + ozKe)xt_l))) O

M

The update rules defined in Equations (6) and (7) seek
to ensure safety, stability and robustness at the port of
interaction. The gain «, ensures kinematic consistency
by formulating a virtual pose that tracks payload-relative
motion. The gain a g ensures force regulation as a function
of inter-robot spacing by updating effective stiffness. While
a, was set to maintain a fixed virtual set point relative to
the payload, ax was set such that damping remains above
the critical damping heuristic across the physical range of
e.

Manipulator Heading  The dynamic admittance con-
troller adjusts the target position x along a single axis
given a scalar force measurement Fi., requiring the end-
effector poses to remain collinear within the 2D special
Euclidean group (SE(2)). To guarantee this, we calculate
the heading adjustment #y; and fr as diagrammed in
Figure 2b via frame composition as described in Equa-
tions (10) and (11).

T
T

(10)
(11)

The desired manipulator rotation is atan2(y, x), where y

and x are planar components of the translation vector p =

[z y z]T in the homogeneous transformation. Specifically,

we extract the last column of Tp,, pn for Monica and
b’ ‘b

T for Ross.

_ —1 —1
PMy, PRy, T TPM7pr TW,M TW,R Tpmpr

_ -1 —1
PRy PM, TpR,pr TW,R TW,M TPM,pr

PRy, ,PM},

Position Controlled Transportation A static position
controller for the end-effector acts as a baseline for measur-
ing the value of admittance control. In this control scheme,
the end-effector maintains a fixed relative position located
slightly inside the payload. For successful transportation,
the JIJANTSs must maintain a fixed inter-robot distance.

2.2 Optimal Coordinated Planning

Successful mobile manipulation requires coordinated path
planning for both agents. To do this, we parameterize
the cooperative transport by considering the pose and
dynamics of the payload Tw(t) = [2(t),y(t),4]" € R3,
following Slightam et al. (2025). The unit vectors defining
the payload pose are

V(¢) = [Zﬁfi] J0(¢) = hiisnf] r=Ltta (12

where 7 is the payload pose offset, v is the unit tan-
gent/forward direction of the payload (body x-axis) and
n is the unit normal/left direction (body y-axis) of the
payload. A subset of Ty i, to denote the x,y, positions
is ¢ = [2(t),y(t)]". This can be used to define the base
positions and velocities of the robots,

bl :C—’I"\A/, b2 ZC—FT\A’, (13)

bi=¢—r¢n, by=c¢+ron. (14)

To determine the skid-steer platform headings (assuming
no lateral slip) we define

Oi = atan2((bi)y, (bl)w), (15)
where 6; are the base headings for Monica and Ross.
With the geometry defined, the optimization problem
can be setup where we aim to co—optimize 4 different
components of the multi-agent motion. (1) minimum snap
of the centerline: penalize ||c(®||2. (2) minimum change of
angular momentum: for a planar rigid body, L, = I.¢ =
L. = I.¢; penalize LE = 122&52. (3) Soft yaw—tangent
alignment: discourage large misalignment between box
yaw ¢ and the tangent heading ) = atan2(y, ). Finally,
(4) Tracking/boundary terms: keep the center-line close
to a desired S-path between the start location and desired
goal location and enforce boundary conditions.

The minimization function, J, is initially written for a
strictly convex quadratic program (QP) as:
. J = X_xrefQ Y_Yref2
2 T = v 3+ 13)

+ Wenap (1D X2 + | D4Y12) (16)

+wp | D2®@|3 + wp | D@13
D, are co-state variables and the yaw—tangent coupling
is left out initially. The Hessian is symmetric positive
definite (SPD), so Equation (16) solves in O(N) with a
band solver. The term, wsnap, limits center-line jerkiness;
w; penalizes torque effort (since 7, = L.=1¢);w 7 limits
torque rate.

We reintroduce the constraints for the yaw to follow the
tangent heading ¥ = atan2(y, &), but ¢ is nonconvex in
(X,Y). We add a quadratic alignment term and linearize
it about the previous iterate.

To achieve coupling in sequence we require the lineariza-
tion of the heading map, by letting & = (D1X)g, Uk =



(D1Y)y, s2 = @2 + 92, Y = atan2(yy,ar). Its first
variation is
0 0
51P —ﬂ —l—ﬂ kZ(—f)(Sl‘k—F( )6yk
T O S s;

Since 0 = D1 0X, §dy = D, Y, the linearized alignment
residual at iterate j is

) — (® — @(j)) + (q,(j) _ \Il(j))

yaw increment constant

, . , , 17
—ngj)Dl(X—X(J))—|—Py(])D1(Y—Y(3)), (17)

tangent increment

with diagonal gains PY) = diag( — y,(j)/sg)?), Pﬁ =
diag(a'c,(f)/s,(cj)z), and V) = [1/),(3)]. We add walign||r|3
to the cost. This produces only quadratic (and banded)

cross terms between X,Y, P.

Equation (18) extends the cost function defined in Equa-
tion (16) by adding an alignment term. At each iteration
j we solve the convex QP,

Qi J(XY, @) war (XY, B3, (18)
subject to boundary equalities (position, and zero end
velocities or yaw rates) and payload bounds. Following
this, (XU+D YU+D U+D) « (XY, ®) is set and
repeated until convergence occurs (small change of J or
of the variables).

Once (X,Y,®) are found, we iteratively determine the
terms in Equations (12) to (15), described via Algorithm 1
using a sequential convex quadratic program (SCQP).

Closed-Loop Control Architecture  Desired positions,
Bi i, Ba i, and headings, 01 i, 02, at step k from Algo-
rithm 1 are recovered via Equations (13) and (15), while
measured positions Bl,k, Bz,k, éLk, and éQ, , come from the
Vicon system. Typical of skid-steer mobile platforms, we
implement a PID controller that maps longitudinal error
to linear command velocities, and a cascaded PD-PID
controller that maps lateral and heading error to angular
command velocities.

Algorithm 1 SCQP for snap+L co-optimization

1: Build S-path samples X™f, Yf & initial ®(©)
2: Initialize X (0 =Xref Yy (0) —yref,
3: for j=0,1,2,... do
4 Compute ) = D; X0, ¢0) = D, YW s0) =
22 4 ()2, q;(y)fatang( (4) x(]))
5: Form Péj) = diag(—yW)/s1)?), Py(j) =
diag(2(7) /50)2).

6: Solve the convex QP 18 with boundary equalities
(banded SPD).
7. Update XU+ yU+D U+ X Y, <1»

8 if g T — gl and
[(XUFD yU+D $U+D) - (X0) Yy ) (I)(J))H < ¢
then break

9: end if

10: end for

11: Recover b172,l')172,9172 via Equations (13) to (15).

Positions are decomposed B;x = [zik,vix] and then
transformed into the mobile base frame via Twn and

Tw,r. Longitudinal error in the mobile base frame € =
Zi ) — &4, is passed into a PID controller which produces
Zemd, & linear command velocity. Lateral and heading er-
rors are combined into a single angular command velocity
about the z-axis. Lateral error ei{k = Yik — Uik, is passed
through a PD controller which produces a 84 correction,

then error ef,k = Oqr + 0ir — éi’k is passed through a

PID controller which produces 9cmd, an angular command
velocity about the z-axis.

2.8 FExperimental Methods

Hardware Implementation  Ross and Monica are skid-
steer JIANT robots designed to be assembled by stu-
dents and are built from low-cost commodity components
and 3D printed parts. A PincherX-100 4-DOF robotic
arm by Trossen Robotics and a low-cost, consumer grade
38x38 mm force-sensing resistor (FSR) by Interlink Elec-
tronics are equipped. As can be seen in Figure 1, the
pincher was replaced with a 3D printed flat-plate end-
effector equipped with an FSR. Each robot uses four
Pololu brushed DC motors controlled by a Teensy 4.0,
which was programmed using Arduino and micro-ROS to
move the wheels. An Intel NUC mounted on the JJANT
runs robot operating system version 2 (ROS2) nodes. We
replaced the soft rubber tires with hard 3D printed wheels
for better drive actuation and encoder-based odometry.
The JIANT base is 24 cm long and 33 cm wide.

The payload is a small untreated cardboard box of mass
87g (Figure 1). Note that this is greater than the indi-
vidual payload of each manipulator. Because the JIANT
mobile robots do not have on board vision, a laboratory
Vicon tracking system was borrowed. This centralized
perception source supplied pose data to each robot to all
robots in the system which allows for the error in the inter-
robot distance e, to be available to the distributed control
algorithms.

Experimental Setup ~ We test three different control
strategies: admittance control (Section 2.1.1), dynamic pa-
rameterization (Section 2.1.2), and position control (Sec-
tion 2.1.4). All three strategies share the planner and
tracking method (Section 2.2), isolating the effect of the
manipulator controller. Each strategy was evaluated on
a set of 20 trials, in which the robots were commanded
to transport a pre-loaded payload along either a right or
left S-shaped path generated by the planner to introduce
a variety in trajectory direction. The point at which the
payload drops is noted by video and the forces applied to
the end effectors. We classify successful trials as “perfect”
r “faulty” (which indicates that the payload shifted or
twisted visibly during transport, but did not fall). Al-
though technically reaching the goal, faulty indicated an
insecure hold on the payload.

Results are presented as distance traveled and success
rate (Figure 4). Trials affected by hardware and software
issues (e.g. failed servos and ROS2 initialization problems)
unrelated to the strategy being tested were excluded.
These failures constituted less than 10% of total trials.
Furthermore, the Vicon system was used to measure the
trajectory of the robots and the payload over time.
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Fig. 3. Desired position (dashed line), mean position
(solid line), and standard deviation (shaded area) for
motion along an s-curve. The force plots, aligned with
trajectory along the x-axis, show that mean force
(solid line) and standard deviation (shaded area) are
steadily maintained throughout transport.

3. RESULTS

Figure 3 shows the trajectory and interaction forces
recorded under the dynamic admittance controller. Al-
though the applied forces fluctuate, they remain bounded,
never exceeding the mechanical limits of the manipulators,
and apply moderate, well-regulated contact forces that
keep the payload secure. This suggests that the dynamic
admittance controller is actively modulating compliance
to accommodate unmodeled dynamics and mobile base
errors. The effectiveness of DYNAMO is evident in Fig-
ure 4, which shows the distance traveled before the payload
was dropped using each strategy. The dynamic admittance
controller consistently reached the full 2.2m extent of
the trajectory, limited only by the geometry of the Vi-
con workspace, while the position and static admittance
controllers failed to come close.

As shown in Figure 4, the dynamic admittance controller
achieved a 100% success rate, completing all 20 trials
without dropping the payload. In contrast, the static ad-
mittance controller completed only one perfectly successful
trial, and the position controller failed in all attempts.
The position controller had a mean transport distance of
0.13m (95% CI [0.11m, 0.16 m]), the static admittance
controller 0.96m (95% CI [0.52m, 1.4m]), and the dy-
namic admittance parameterization controller 2.2m (lim-
ited by the arena size). Dynamic admittance achieved a
significantly greater transport distance than both position
control (mean difference 2.1 m, Welch’s t-test, p < 0.001)
and static admittance (mean difference 1.2m, p < 0.001).
Static admittance also exceeded position control (mean
difference 0.82m, p < 0.001).

Experimental data is available online. ! as is the code used
to implement the position, admittance, and DYNAMO
controllers.
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Fig. 4. Combined chart showing both distance traveled
and success rate. Boxes show inter-quartile range;
vertical black lines indicate 95 % confidence intervals
for the median. Closed circles denote medians: 0.13 m
(position), 0.21m (admittance), and 2.2m (dynamic
admittance). Green bars show percentage of success-

ful trials; orange bars indicate faulty trials.

4. DISCUSSION

The success of DYNAMO arises from its ability to mod-
ulate compliance in real-time based on sensed interaction
forces, which enables it to maintain sufficient end-effector
contact with the payload. The force traces in Figure 3 show
that the controller maintains applied forces in a bounded,
effective range, avoiding both excessive pressure that could
destabilize the system and insufficient contact that would
drop the payload. The position controller, which provided
no compensation via the arms to correct for accumulated
or sudden base displacement, failed to transport the pay-
load entirely. The static admittance controller offered lim-
ited improvement, completing only one successful trial and
5 faulty trials. Its inability to handle growing positional
errors stems from its fixed admittance parameters, which
cannot adapt to changing conditions or external distur-
bances. Dynamic admittance parameterization overcame
these shortcomings by using feedback to adjust interaction
behavior on the fly. It allowed the system to respond to
conditions that are difficult to model, avoided the need for
exact identification of the payload’s inertial or frictional
properties, and is generalizable to new hardware, tasks,
or robot configurations, making it especially suitable for
distributed and heterogeneous multi-robot systems under
a centralized or global perception signal.

Experiments captured only a subset of the multi-robot
cooperative transport problem. Trials were conducted in
a constrained Vicon workspace on a limited set of S-curve
trajectories. Future work should explore a broader range
of trajectories, including endurance tests on circular or

1 https://anonymous.4open.science/r/MARIAM-
8746/README.md



figure-eight paths, perform sensitivity tests across diverse
payload materials, weights, and sizes, and transition from
centralized perception to onboard localization to support
deployment in unstructured real-world environments.

More broadly, these results highlight the potential of adap-
tive compliance in distributed cooperative manipulation.
By tuning admittance in response to sensed error, the
system remains robust to disturbances without requiring
explicit coordination or communication of internal states,
making the approach both scalable and tolerant to par-
tial failures. Successful mobile manipulation also requires
coordinated path planning that accounts for coupled mo-
tion. The optimal navigation planner and the dynamic
admittance parameterization controller provide a practical
solution to non-prehensile multi-robot manipulation tasks
in which grasping the payload is not possible.
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