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Fig. 6: Kinematics and force transmission of the symmetric
gripper. Top (a) and side (b) views show the rotary motor
driving two symmetric prismatic jaws. Each link transmits an
axial force T, whose component along the closing direction
gives the per-jaw force F = T cos

on a standard workstation with an Intel Core Ultra 7 265K pro-
cessor (20 cores, 5.0 GHz), 32 GB of memory, and an NVIDIA
GeForce RTX 5080 GPU with 16 GB of VRAM; the no-load
benchmark in Appendix B uses an RTX 4090, and the hand-
eye calibration measurements in Appendix C use an A6000.
Network training and inference were implemented in JAX with
JIT compilation [3] and GPU acceleration, and differentiable
simulation for rigid-body dynamics was based on the MuJoCo
engine and its MJX JAX implementation [45, 16]. Additional
implementation details are provided in the Appendix.

Because the gripper is driven by a rotary motor while
its fingers translate along prismatic joints, relating motor
commands to jaw position requires a kinematic mapping. We
describe this mechanism next.

E. Gripper Kinematics

Fig. 6 defines the physical gripper geometry. Let B and
B denote the two crank pins, r = jOBj = jOB!j the crank
radius, | = JABj = jJA'B’j the link length, the acute angle
between either crank radius and the slider axis, and the offset
from each slider pin (A or A?) to the corresponding inner jaw
face. The symmetric jaw aperture is

+ rcos 2
(20)
Eq. 20 provides the ideal motor-angle-to-jaw-aperture relation
for the physical mechanism; the simulator represents the
gripper with a calibrated single-finger prismatic coordinate.
For a quasistatic symmetric grasp, the links act as two-force
members carrying axial force T. If is the angle between a
link and the slider axis, each jaw applies the closing force
F = Tcos ; torque balance about the motor axis gives
= 2Trsin , where = \OBA = \OB'A". Thus, the
gripper’s force transmission depends on both motor torque and
mechanism configuration.

P
a( )=2jA0j] 2 =2 12 r2sin?

TABLE I1I: Gradient behavior across rollout horizons H.
Here, input-grad denotes the norm of the loss gradient at
the simulator’s generalized-effort input; cos is the parameter-
gradient cosine similarity relative to H = 128.

H input-grad kr Lk cos
64 2:73 10 2 8.77 0.96
128 2:59 10 2 17.33 1.00
256 1:72 10 2 22.35 0.99
320 1:45 10 2 2291 0.99
500 9:37 10 3 20.29 0.98

IV. EXPERIMENTS

A. Rollout Accuracy

We evaluate the fidelity of our differentiable simulator by
comparing predicted trajectories against ground truth on a
held-out test dataset. For each joint j at horizon T, we compute
the mean absolute,grror (l\/‘gE) across N test trajectories:

T (n) n) (n)
MAE|(T) = § noitT o= 1 Yjie q\Jt , where gj.¢
and q\(“) denote the ground-truth and predicted positions,
respectlvely Tab. 111 reports rollout errors across horizons. The
model remains accurate over short horizons for both revolute
and prismatic joints, and the errors remain moderate over the
evaluated longer horizons. Because these experiments replay
the recorded current sequence, they evaluate recorded-current-
conditioned trajectory propagation rather than counterfactual
planning; model-predictive control would additionally require
a model of the current response to candidate commands.
The consistent trend across joints indicates that physics-in-
the-loop learning captures effective history-dependent input—
output behavior while retaining the structure of differentiable
rigid-body dynamics. Force MAE is the componentwise mean
over the evaluated trajectories, time steps, |ia],nd three Cartesian
output channels: MAEE (T) = (3NT) 1! n’t,kjf(ﬁ? f‘t(;rl‘()j.
For payload-based benchmarks, the nominal reference is
fdt = [0;0; mg]™, so the metric compares lateral pre-
dictions with zero and the vertical prediction with mg.
The directional force-sensor benchmark provides measured
three-axis force references. For gauge pushing, the scalar
gauge reading is assigned to the known contact axis and the
orthogonal reference components are zero; the tabulated F
values retain the same three-channel convention, whereas the
trace-level values in Fig. 1 use the contact-axis force mag-
nitude. For OpenManipulator-X, Grip denotes single-finger
slide-coordinate MAE in millimeters, rather than the total jaw
aperture a( ).

Across the rollout horizons H 2 f64; 128; 256; 320; 5009
(Tab. 11), simulator-input gradient norms remain O(10 2),
and parameter-gradient cosine similarity remains at least 0.96
relative to H=128; kr Lk plateaus around H=256-320,
motivating the curriculum used in training.

B. Force Estimation Accuracy

We evaluate force prediction on three complementary
benchmarks: (i) directional contact measured by a calibrated



TABLE I1I: Simulation accuracy on the test set. J1-J4: joint-
angle MAE (deg). Grip: single-finger slide-coordinate MAE
(mm). Rollouts of 600 steps span approximately 10 seconds
at the platform sampling rate.

@100 steps @300 steps @600 steps
Task JI J2 J3 J4 Grip|J1 J2 J3 J4 Grip|J1 J2 J3 J4 Grip
backward_forward |24 43 44 42 0 |23 59 39 42 0 |31 48 4945 0
circular_ccw 17 52 2226 0 [15312034 0 (25232128 O
circular_cw 36 321422 0 (31191226 0 |26 17 2028 0
go_up_stay_still |25 18 23 12 0 |31 213125 0 (31153527 0
joint_sweep_1 23251814 0 |19 102618 0 (29192016 O
joint_sweep_2 21 43 46 12 0 |18 67 84 11 0 |24 4652 17 0
joint_sweep_3 37453119 0 |34 262828 0 (31262534 0
joint_sweep_4 26 48 2534 0 |29 332432 0 (24292246 0

joint_sweep_5 1.7 3.0 1.7 31 04|26 39 23 27 05|55 33 51 3.0 0.7
pick_place_empty |2.6 25 22 35 11|19 36 27 32 11 |31 27 20 39 1.0

|25 36 26 25 0.2 |25 34 31 28 02|31 28 32 31 02

Average

TABLE 1V: Simulation and force prediction accuracy on
the force-sensor test set. J1-J4: joint-angle MAE (deg). Grip:
single-finger slide-coordinate MAE (mm). F: force MAE (N).

@100 steps @300 steps @500 steps
Task JU J2 J3 J4 Grip F [J1 J2 J3 J4 Grip F |J1 J2 J3 )4 Grip F

With External Force Contact

force_X+| 09 23 09 1.6 10 036/1.1 1.8 24 13 10 046/09 19 27 17 1.0 050
force.X |14 1.1 08 11 10 039/16 23 13 23 10 042(20 29 15 30 10 044
force_Y+|23 57 28 06 0.1 036/21 45 26 09 02 03827 48 21 09 03 044
forceY |14 1.6 31 05 01 0.38/15 30 31 13 0.1 036/14 36 31 15 0.2 0.38
force Z+|33 6.2 33 08 01 039/23 56 25 19 02 043/ 25 44 22 23 0.3 046
force.Z | 1.0 59 06 0.6 10 036/29 66 28 25 1.0 06438 6.4 35 20 1.0 057

Reference (No External Force)

force_X+| 0.6 20 15 1.2 10 001/08 1.8 1.0 1.1 10 002/10 16 11 11 1.0 0.01
force_X |20 25 05 11 10 0.00{14 23 05 1.0 10 0.00{15 22 08 13 1.0 0.00
force_Y+|20 1.0 20 06 0.1 0.00{21 33 21 11 02 000{19 37 1.7 11 0.4 0.00
force Y |10 1.8 12 13 0.1 0.00{16 45 20 22 0.1 0.00{12 40 24 16 0.3 0.00
force Z+| 1.2 1.7 21 05 0.1 0.00{16 38 22 12 02 000/15 29 20 13 0.3 0.00
force.Z | 0.6 23 09 09 10 002/07 16 1.1 1.1 1.0 001/09 13 10 11 1.0 0.01

Avg |1.48 2.84 1.64 0.90 0.55 0.19|1.64 3.43 1.97 1.49 0.58 0.23]1.78 3.31 2.01 1.58 0.65 0.23

six-axis force/torque sensor, (ii) known payloads whose gravi-
tational loads define force labels, and (iii) contact with a force
gauge across multiple directions and heights. The experimental
setup is shown in Fig. 5.

External Force Sensing. Tab. IV reports 3D external force
prediction across six directions ( X; Y; Z), with forces
up to 9N applied at the end-effector. On contact trajectories,
the force MAE is 0.36-0.39 N at 100 steps and 0.38-0.57 N
at 500 steps. On reference trajectories without contact, Neu-
ralActuator predicts near-zero forces (0.00-0.02 N). Payloads
at or below 509 ( 0.5N) lie close to the noise floor of this
low-cost platform; reliable detection in this regime remains
future work.

Payload Benchmark. Tab. V summarizes force prediction
accuracy across payloads and rollout horizons. Neural Actuator
achieves an average force MAE of 0.08-0.12 N across tasks
and horizons, with single-task errors at most 0.24 N. The go-
up-and-stay task exhibits relatively larger per-row errors (up
to 0.20 N) under sustained static loading.

Unseen Contact Geometries.
The force head predicts base-

frame end-effector force from the

shared telemetry representation

and does not take explicit object

geometry as input. We therefore U

TABLE V: Simulation and force prediction accuracy on the
payload-based test set. J1-J4: joint-angle MAE (deg). Grip:
single-finger slide-coordinate MAE (mm). F: force MAE (N).

@100 steps @300 steps @600 steps
Task Weight| J1 J2 J3 J4 Grip F |J1 J2 J3 J4 Grip F |J1 J2 J3 J4 Grip F

u 200g |13 50 26 24 01 012/34 39 42 23 01 0.10{31 33 43 29 0.1 0.16
and Sl'; 300g |26 53 57 37 0.1 020{1.8 34 57 54 0.0 017|35 25 34 46 00 0.20
y4009 22 41 14 50 01 007/29 21 21 61 01 012/20 14 30 71 02 011

2009 |0.7 31 43 34 11 024|227 39 40 40 1.1 008/29 51 29 30 10 011
pick and300g |05 45 3.7 09 03 0.00/12 51 48 15 0.2 0.00{27 7.8 49 32 03 0.09
place 400g |08 21 28 29 11 0.19/28 14 34 36 11 006/24 20 38 33 1.0 0.03
500g |2.7 18 1.7 33 1.1 0.05/48 28 1.7 23 1.1 002|422 63 23 23 09 0.04

Avg |1.54 3.70 3.17 3.09 0.56 0.12|2.80 3.23 3.70 3.60 0.53 0.08]2.97 4.06 3.51 3.77 0.50 0.11

TABLE VI: Simulation and force prediction accuracy on
gauge pushing. The end-effector contacts the gauge from the
front or top at three positions. J1-J4: joint-angle MAE (deg).
Grip: single-finger slide-coordinate MAE (mm). F: force MAE

(N).

@100 steps @300 steps @600 steps
Task JIJ2 J3 J4 Grip F|[JL J2 3 J4 Grip F|J1 J2 J3 4 Grip F

high_push_front|0.91 1.68 1.18 0.62 0.00 0.07|1.62 1.29 0.53 0.32 0.00 0.08|1.48 1.16 1.44 1.09 0.00 0.09
high_push_top |0.73 1.01 0.78 1.61 0.01 0.10{1.38 1.35 1.97 1.92 0.01 0.11|1.62 1.57 2.72 2.01 0.01 0.12
mid_push_front |0.66 0.52 0.96 0.61 0.30 0.06(0.85 0.51 0.60 0.99 0.31 0.07|0.95 0.56 0.48 0.98 0.31 0.08
mid_push_top |0.49 0.54 0.87 0.74 0.30 0.09(0.64 0.43 0.73 1.07 0.31 0.10|0.89 0.52 0.75 0.78 0.31 0.11
low_push_front {0.61 0.75 1.83 0.23 0.32 0.08|0.87 0.56 1.65 0.33 0.32 0.09|1.29 0.88 1.12 0.98 0.33 0.10
low_push_top {1.00 0.36 1.05 0.29 0.31 0.08|1.17 0.84 2.11 0.74 0.32 0.09|1.35 0.76 2.27 1.04 0.32 0.10

Avg |0.73 0.81 1.11 0.68 0.21 0.08|1.09 0.83 1.27 0.90 0.21 0.09]1.26 0.91 1.46 1.15 0.21 0.10

evaluate the pretrained model on two unseen objects (inset)
whose shapes and surface properties are not represented in
training: a 261 g payload and a 226 g payload. We measure the
force during the stationary holding phase. Predicted forces are
2.80N (GT: 2.56N) and 2.40N (GT: 2.21 N), indicating some
generalization to unseen contact geometries in this setting.
Qualitative Payload Rollouts. Figs. 7 and 8 show paired hard-
ware executions and simulated rollouts for the two payload-
based manipulation tasks. The force overlays capture contact
transitions during pick-and-place and sustained loading during
lift-and-hold, complementing the aggregate errors in Tab. V.
Gauge Pushing. We further test contact with a force gauge
from the front (horizontal pushing) and top (vertical pressing)
at low, middle, and high end-effector positions. Tab. VI reports
state and force errors over 100-, 300-, and 600-step rollouts.
Average force MAE increases from 0.08 N at 100 steps to
0.10N at 600 steps and remains at most 0.12N for every
setting. Joint errors grow moderately with horizon, whereas
single-finger slide-coordinate MAE remains approximately
0.21mm. Fig. 9 shows that the predicted force also tracks
contact onset, sustained loading, and release for representative
front pushes.

C. Learned Torgque Surrogates

Fig. 10 compares torque-surrogate responses with measured
motor currents over time for the four revolute joints of
OpenManipulator-X. Because the platform lacks joint-torque
sensing, the comparison provides a qualitative view of the
nonlinear, history-dependent association learned from actuator
telemetry; it does not establish a calibrated current-torque
relation.
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