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Abstract—Differentiable simulators have advanced policy
learning and model-based control across diverse robotic tasks. To
date, actuator dynamics remain underexplored and are a major
source of sim-to-real error, especially on low-cost platforms where
the linear current-torque model 7 = K;I breaks down under
commanded-target tracking due to friction, hysteresis, backlash,
and thermal effects. Beyond forward dynamics, accurate actuator
models also support force perception, which is crucial for jointly
modeling force and position control in manipulation tasks. We
present NeuralActuator, a neural actuator model that jointly
predicts (i) torques to capture the full nonlinear and time-varying
current-torque relationship on low-cost servos, (ii) external
contact forces as well as force detection gates for sensorless
force perception, (iii) motor conditions indicating their operating
regime. We introduce a twin-arm teleoperation system that
collects motor states alongside ground-truth forces, contributing
a dataset named Neural Actuation Dataset (NAD). The torque
head is trained through differentiable simulation from pose
trajectories without torque labels; the force and motor-condition
heads use direct supervision from their respective ground truth. A
Transformer-based architecture captures temporal dependencies
while enabling efficient real-time inference. We validate Neu-
ralActuator across three platforms—a 5-DoF OpenManipulator-
X, a 6-DoF SO-101 from LeRobot, and a 7-DoF Franka Emika
Panda with on-board joint torque sensors—spanning three actu-
ator families and the $500-$30k+ cost spectrum, and show that
it enables accurate dynamics modeling, sensorless force estima-
tion, motor condition estimation, and improved behavior-cloning
control when used as a pretrained module. Project Page: https:
/frank-zy-dou.github.io/projects/NeuralActuator/index.html

I. INTRODUCTION

Differentiable simulators [23) 135, [14, 21, 12| 144] enable
efficient gradient-based optimization for robot control, with
substantial advances in modeling rigid-body dynamics and
recent extensions to soft bodies and fluids. However, a crucial
and often underexplored component remains: the actuators
themselves. For decades, control frameworks have assumed
joint torque scales linearly with current, e.g., 7 = K;I. While
this could hold for high-end industrial motors, it degrades sub-
stantially on cost-effective, servo-driven platforms [5} 39, [34]
40]]. These platforms employ mechanically commutated actu-
ators (e.g., coreless brushed DC servo modules) that prioritize
hardware simplicity but introduce significant non-idealities:
gearbox friction, hysteresis, backlash, current saturation, and
thermal drift distort the actual joint torque; see visualization
in Sec. [V-]] These unmeasured, time-varying effects—with
inaccessible internal signals—resist analytical modeling, re-

*Research Assistant at MIT CDFG, equal contribution.
TThe work of this author does not relate to their position at Amazon.

2 Amazon Robotics

25 5.0
Time (s)

2 4 6
Time (s)

6

2 4
Time (s)

(b)

Fig. 1: (a) Push—force gauge validation at three end-effector
heights. We show NeuralActuator pushing a force gauge
under low, middle, and high postures (top to bottom). Left:
real-robot execution; middle: corresponding simulated rollout;
right: force profiles. The force Mean Absolute Error (MAE) is
0.037N, 0.0I5N, and 0.028 N, respectively. The - -- shows
the predicted external force, and the — shows the force-
gauge ground truth. (b) Estimated forces for downstream
tasks. NeuralActuator provides estimated forces that facilitate
controller training in Sim-to-Real for object lifting and holding
(top) and pick-and-place (bottom) tasks.

sulting in poor torque tracking, unstable impedance behavior,
and degraded sim-to-real transfer.

Beyond accurate modeling, a reliable actuator model un-
locks force perception without dedicated sensors. Recent
studies demonstrate torque-based sensing for e-skin-like con-
tact perception [25], proprioceptive estimation in legged
robots [15]], and force control in manipulation [29} [18 (10} [51]].
Yet these approaches rely on high-end actuators with reliable
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torque feedback; on low-cost platforms, the corrupted current-
to-torque mapping undermines such force inference. Since
the medium of interaction between a manipulator and its
environment is ultimately force, accurate contact-force pre-
diction makes many tasks tractable without precise geometric
modeling of arbitrary or deformable objects.

We introduce NeuralActuator, a data-driven actuation
modeling method for low-cost robot platforms that captures
actuator behavior and its coupling with robot dynamics. Neu-
ralActuator integrates naturally with a differentiable simulator,
enabling end-to-end training via gradient-based supervision
from real-robot rollouts. NeuralActuator learns a history-
dependent mapping from commanded poses, motor currents,
and exogenous operating conditions (e.g., supply voltage,
temperature) to joint torques, external forces, and motor health
indicators. Prior work that trains actuator models typically
relies on torque labels derived from torque sensors [41}24], but
such supervision is unreliable on low-cost actuators without
dedicated torque sensing. Instead, we supervise using pose
trajectories: forward integration through our differentiable
dynamics maps predicted torques to future configurations,
making pose an effective surrogate signal. To effectively
capture nonlinear, time-varying actuator effects, Neural Actu-
ator adopts a Transformer architecture that processes state-
and-command sequences through multi-head self-attention,
capturing long-horizon temporal dependencies and inter-joint
coupling. It outputs joint-specific torque predictions, external
forces, and motor condition estimates in a multi-task manner.

To train and benchmark NeuralActuator, we introduce a
real-robot dataset capturing actuation, motion, and force sig-
nals. We build a twin-arm leader—follower teleoperation sys-
tem where an operator kinesthetically drives a leader arm
to generate diverse trajectories, while the follower executes
joint-space commands under closed-loop control. For each
trajectory, we log (i) robot states (joint positions, velocities,
commanded targets), (ii) actuator telemetry (motor currents,
temperature, supply voltage), and (iii) external forces from
force sensors. The dataset spans free-space motions and
contact-rich manipulation (pushing, pulling, lifting, known-
weight loads), covering actuator effects induced by friction,
load changes, and intermittent contacts. We release it as the
Neural Actuation Dataset (NAD), providing ground-truth
data for model training and benchmarking.

We conduct several experiments across three platforms—a
cost-effective, servo-driven 5-DoF OpenManipulator-X (four
revolute joints and a 1-DoF gripper) E], a 6-DoF SO-101 low-
cost arm built on the LeRobot stack [5], and a 7-DoF industrial
arm, i.e., Franka Emika Panda robot, with on-board joint
torque sensors (Sec. [V-I)—spanning three actuator families
and the $500-$30k+ cost spectrum, to evaluate modeling
fidelity, online adaptation, throughput, and sim-to-real transfer.
On held-out rollouts, Neural Actuator achieves low rollout error
(Sec. [[V-A)), accurate external force estimation (Sec. as

Uhttps://emanual.robotis.com/docs/en/platform/openmanipulator_x/
overview/

well as motor condition estimation (Sec. [[V-D)). The simulator
attains high runtime speed and throughput with a modest
memory footprint, making it practical for both training and on-
robot deployment (Sec. [[V-E). We also showcase rapid online
adaptation from only few new trajectories (Appendix [[). For
sim-to-real control, Neural Actuator enables efficient imitation
learning for object manipulation. We show that learning actua-
tor behavior together with external force perception improves
task success rates (Sec. . Finally, we demonstrate that
combining differentiable simulation with multiple rendering
modalities enables visual supervision for Neural Actuator train-
ing (Sec. [[V-G). We summarize our contributions below:

o A data-driven, differentiable actuator model named Neu-
ralActuator that captures actuator behavior and its cou-
pling with robot dynamics via neural torque prediction,
with additional outputs for external force prediction
and contact detection—enabling force perception without
dedicated sensors—and a torque-supervision-free training
scheme that leverages differentiable physics to avoid
unreliable current—torque labels on low-cost hardware.

« A twin-arm teleoperation system for efficient data collec-
tion on low-cost arms, time-synchronizing robot proprio-
ception, commanded targets, and actuator-side telemetry.

e Neural Actuation Dataset (NAD): a real-robot dataset
with time-aligned robot states, actuator telemetry, and
end-effector force measurements from interactions mea-
sured by external force sensors, enabling training and
benchmarking for low-cost actuator modeling.

o Comprehensive experiments demonstrate that NeuralAc-
tuator enables accurate actuator dynamics modeling and
sensorless force as well as motor-condition estimation,
and improves performance on downstream manipulation
tasks, while remaining computationally efficient.

II. RELATED WORK

A. Learning Neural-Augmented Simulation

To close the sim-to-real gap, prior works augment analytical
simulators with learned residual models: the approach in [1]
augments analytical simulators with a stochastic RNN that
captures residual dynamics to match the simulation with
reality. In [26], an RNN is trained to learn the mismatch
in joint positions and velocities between simulated and real
robot trajectories for refining the simulator output. Tossing-
Bot [50] further combines an analytic ballistic prior with a
neural residual learned from visual features. NeuralSim [[19]
embeds neural modules in differentiable simulators to capture
unmodeled dynamics and jointly optimizes them with physical
parameters on real data; at the component level, Serifi et al.
[42] uses a Transformer to predict residual state corrections
for actuators and rigid bodies from simulated states and
constraint forces. Recently, [48] presents NeRD, which learns
robot-specific dynamics models for predicting future states
for articulated rigid bodies under contact constraints. [24]]
trains a network on the physical system via self-supervision
and uses it in the simulation loop to model each joint of
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ANYmal; the network maps state histories and position targets
to joint torques for simulation. [41] introduces a system
identification method that combines a physics model with a
neural network to learn residual dynamics, enabling domain-
consistent dynamics modeling. In their setting, joint torques
can be accurately estimated from motor-current measurements.
However, these works [24, 41] rely on ground-truth torque
labels from dedicated sensors for supervision, which are often
unavailable on low-cost platforms. In contrast, Neural Actuator
is torque-label-free: it is supervised through differentiable
simulation using pose trajectories, without assuming reliable
current—torque calibration. Concurrently, [13] learns residual
corrective torques via RL from tracking errors; Neural Actuator
instead directly predicts forward torques (raw current readings
are too noisy on low-cost platforms; see Fig. [9) and addition-
ally estimates external contact forces, trained end-to-end via
differentiable simulation with pose-only supervision.

a) Learning for Actuator: Existing works mostly target
electronically commutated drives (e.g., PMSMs and BLDCs),
learning electromagnetic torque from electrical inputs [49, 32}
46! 143]. These approaches assume high-performance, electron-
ically commutated servos. Previous works also cover behaviors
of hydraulics [27] and twisted-string actuators [30]. Unlike
these efforts, NeuralActuator targets low-cost coreless DC
servo actuators, where friction, backlash, saturation, and ther-
mal drift are more pronounced and can corrupt the effective
current—torque relationship.

B. Force Estimation and Proprioceptive Sensing

a) Torque- and effort-based contact inference: A long-
standing line of work reconstructs external joint torques from
model discrepancies and uses them for collision detection
and safe reaction [L1, [12, [16]]. Building on reliable effort
feedback, recent systems further elevate this idea to richer
“intrinsic” contact perception (e.g., e-skin—like touch with-
out tactile skins) [25], whole-robot touch sensing without
dedicated tactile sensors [15], and learning-based controllers
that couple force and motion in manipulation and loco-
manipulation [29,51]. These approaches highlight the growing
role of actuation as an implicit sensing channel, but they often
rely on high-quality torque measurements or well-calibrated
current-to-torque mappings.

b) External force estimation on robot arms: For manipu-
lators, complementary literature estimates external forces and
contacts by explicitly modeling the robot dynamics and at-
tributing residual terms to interaction wrenches. Representative
examples include virtual force sensing and contact localization
along the robot structure [36, 37], as well as observer and
filtering formulations that improve robustness under friction
and model uncertainty [22} 33} [17, [31]]. Recently, learning has
also been used to directly map joint-level proprioception and
measured joint torques from sensors to end-effector wrenches
in static or quasi-static regimes [38]]. Chen et al. [8] leverage
differentiable simulation to infer external object properties
solely from proprioceptive signals. Despite this progress,
most proprioceptive force-estimation methods assume accurate
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Fig. 2: Neural Actuation Dataset (NAD) data collection.
(a) Overview of the twin-arm leader—follower system with
an external camera. (b) An operator kinesthetically drives the
leader to generate diverse motions, while the follower mirrors
the motion and records synchronized actuator currents, robot
states, and end-effector forces when interacting with a weight.

torque feedback, while the setting of low-cost, servo-driven
arms remains largely unexplored. A summary can be found in

Tab. in Appendix.

III. METHOD
A. Problem Formulation

Consider a robotic manipulator with n joints, where each
joint is driven by a servo motor. The relationship between
commanded pose, current, and output torque exhibits depen-
dencies on multiple factors:

() = Fr(g5™(t),15(8), q5(1), 45 (1), Ty (1), He) (D)

where qjmd(t) is the commanded (goal) position, ¢;(¢) and
¢;(t) are joint position and velocity, 7} (t) represents thermal
state, and H; = {(¢5™(7),%;(7), 4;(7), 4; (1)) }o—s_,, denotes
the historical window of states over time horizon w.

Beyond torque prediction, we estimate external contact

forces and motor conditions from the same input features:
£ = froee 4™ (1), (D), 9(0),4(8), (), He ) € B (2)
(t) = fena( 4™ (1), (1), a(8), d(2), T(8), 1y ) € [0,1] (3)

where £*!(¢) is the predicted end-effector contact force and
c(t) is a motor health score (probability of normal operation,
with ¢ = 1 for healthy and ¢ = 0 for degraded motors). A
physical interpretation of these outputs in terms of the rigid-
body equations of motion is given in Appendix

B. Neural Actuation Dataset (NAD)

To learn a model for Actuation Modeling, we first collect
paired motor-state and force data using a twin-arm tele-
operation system built on two identical OpenManipulator-X
robots [40]]. The system consists of a leader arm kinestheti-
cally operated by a human demonstrator and a follower arm
that mirrors the leader’s motion while interacting with the
environment (Fig. [2).

Note that in this system, the commanded target joint po-
sitions sent to the follower’s actuators are set to the leader’s
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Fig. 3: The pipeline of NeuralActuator. At each time step ¢, NeuralActuator takes the commanded pose ¢°™%(t), motor current 3(t),
actuator-side telemetry, and tracking feedback e(t), together with a history buffer #; that summarizes recent robot states (e.g., joint poses
and velocities). A Transformer encoder (X N blocks) maps these inputs to three outputs: (i) the directly predicted joint torque 7, (ii) a
predicted external force f, and (iii) a motor-condition signal c indicating the operating regime (e.g., normal vs. anomalous). The predicted
7 and f are applied in a differentiable simulator (Differentiable Simulation) to advance the system to time step ¢t+1 and update the history
buffer. Gradients through Diff Sim enable end-to-end training by supervising simulated state transitions against real-robot rollouts. Right:
Transformer block details with input projection Wi, positional encoding, multi-head attention, a gated skip connection, SiLU feed-forward

network, pooling, and lightweight MLP heads for 7, f, and c.

instantaneous joint states. Both arms are equipped with Dy-
namixel XM430-W350 servos, which provide synchronized
actuator-level measurements, including:

« Joint positions ¢;(¢) and velocities ¢;(t)

 Motor currents ¢;(t), PWM signals, and bus voltages

o Coil temperatures 7} (t)

For a subset of interaction trajectories, the follower arm
is further instrumented with a wrist-mounted 3-axis force
sensor, which provides ground-truth end-effector contact force
measurements £2'(¢) € R? during execution.

All data streams are temporally synchronized and logged
per trajectory. For each trajectory of length 7', we record time-
aligned tuples containing: (i) robot states (e.g., joint positions,
velocities, and commanded targets), (ii) motor currents and
actuator-side telemetry, and (iii) end-effector external forces,
which provides supervision for training a neural actuation
model. To elicit diverse actuation and interaction regimes, we
collect three subsets:

Free motion (no external force). This subset characterizes
intrinsic actuator dynamics and provides force-free baselines.
We record a diverse set of trajectories (119,933 frames, avg.
20.49s), including: (a) Clockwise and counterclockwise circu-
lar end-effector motions; (b) individual joint sweeps covering
approximately 90% of feasible ranges; and (c) whole-arm
primitives such as lean and extend. These trajectories contain
no intentional external contact.

Force-labeled interactions. This subset provides explicit
force supervision via two modalities. (a) Known-weight
loads. The robot manipulates objects of known mass (m &€
{200, 300, 400, 500} g). During loaded/grasped intervals, the
static payload yields a base-frame gravity vector fggrlav =
MEpase € R (with gpae = [0,0,—g]T), which we use
as the force-magnitude and vertical-component label during
those intervals only; dynamic terms and gripping friction
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Fig. 4: Data verification in NAD. We time-synchronize the
real-robot video (left) with the logged trajectory and verify
alignment in a GUI (right), where the red arrow visualizes the
estimated external force.

are not labeled here. Tasks include go up and stay still
(persistent load) and pick and place (intermittent load during
grasping), totaling 88,611 frames with an average duration
of 21.63s. (b) Axis-aligned sensor interactions. Operators
apply controlled push and pull forces along the force sensor’s
principal axes (£X,+Y,4+7). For each force direction, we
also record matched no-interaction trajectories that follow
the same motion patterns but are executed without physical
contact. The measured wrench is transformed into the robot
base coordinate to capture full 3D force components arising
from both dominant-axis interactions and kinematic coupling
(74,020 frames, avg. 10.505s).

We further collect additional data for the cross-platform
evaluation in Sec. [[V-I} using both SO-101 logged via the
LeRobot stack [5] and a 7-DoF Franka Emika Panda industrial
arm, whose on-board torque sensors provide ground-truth joint
torques for direct validation.
Manipulation under degraded
motor conditions. In this task, we
mechanically constrain Joint 3 using
rubber bands, reducing its effective
range and torque capacity; see the inset. Under this asymmetric
constraint, we collect pick and place trajectories with and with-




TABLE [I: Dataset composition summary. See Appendix B]
for a detailed task-level breakdown.

Component Description Duration (min)
Free motion No external force ~ 34.15
Force labeled Known weights or force ~ 46.24
Motor condition Degraded actuation ~ 14.13
Total ~ 94.52

out a 200 g payload (49,898 frames, avg. 21.20s), enabling
disentanglement of contact-induced and motor-induced force
deviations.

Our dataset is split into training, validation, and test sets
with a ratio of 8:1:1, which supports (i) quantitative evaluation
against known ground-truth forces, (ii) qualitative analysis of
force prediction during contact-rich manipulation, and (iii) ro-
bust modeling of contact-free actuation dynamics for improved
generalization. All the data in NAD are calibrated and human-
verified as shown in Fig. il See more details in Appendix [A]

C. NeuralActuator

To capture temporal dependencies and nonlinear actuator
dynamics, we employ a Transformer encoder architecture
that processes historical state sequences and generates torque
corrections. Given a sequence length L and hidden dimension
d, our model consists of:

In NeuralActuator, the input sequence X € RE*"s stacks
per-timestep feature vectors x; € R”/ over a history window
of L = H + 1 timesteps. Each x; aggregates three families of
signals—(i) commanded targets (¢°™¢, a™¢), (ii) propriocep-
tion (q,q,a), and (iii) actuator telemetry (z,V,T)—together
with tracking-error features (e = ¢°™ — ¢, e, = a®™ — q).
All features are normalized before being fed to the network.
Note that for grippers, we derive and validate the mapping
from Motor 5 rotation to gripper aperture for simulation and
training; see Appendix [G]

We project the input sequence to the hidden dimension via
HY) = XW,,, where W, € R™*4 is the input projection
matrix.

We stack N, Transformer encoder layers to extract con-
textual representations from the input sequence:

enc enc

Z) = LayerNorm (H(l_l) + ’Yél) : MHA(Hg‘C_D)) » @
H{) = LayerNorm (Zgi)c + %(fl) -FFN (Zg‘)c)) ’ ©)

where MHA denotes multi-head self-attention, FFN is a feed-
forward network with SiLU activation, and Wél), 7}1) € R are
learned scalar gates for the attention and FFN skip connec-
tions. After the encoder layers, we aggregate the sequence rep-
resentation via temporal pooling, hyo = Pool(Héﬁ“"“)) € R4,
which is passed to the output heads. The network produces
three types of outputs from the pooled representation hpgo:
1. Torque Prediction. NeuralActuator achieves the torque
prediction via

TPrd(t) = go(Hy), (6)

where 7P™4(¢) € R™ denotes the predicted joint torques and
Hi = {X¢—w,.-.,X¢} is a history window of proprioception,

commands, and actuator telemetry. This design is motivated
by the fact that the effective current—torque relationship on
low-cost servo-driven arms can be highly nonlinear and time-
varying during closed-loop tracking; See visualization in
Sec. Direct torque prediction lets the network learn the
full nonlinearity without relying on a fixed linear prior.

A shared MLP predicts joint torques for all joints: 7P™¢d =
MLP, (hyo01) € R™, where MLP, consists of two linear
layers with SiLU activation.

2. External Force Prediction. We predict end-effector contact
forces using a two-stage approach that decouples force mag-
nitude estimation from contact detection. First, a shared MLP
predicts the raw 3D contact force: fon = MLPf"”e(hpool) €
R3, which estimates force components from motor states
alone, without dedicated force sensors. To suppress spurious
force predictions during non-contact phases, we introduce a
contact gate g € [0,1] predicted by a separate head: g =
o (MLP#"¢ (hyo01)), where o(-) denotes the sigmoid function.
The gate represents the probability of physical contact: g ~ 1
indicates contact, while ¢ ~ 0 indicates free motion. The
final force output is computed as: f = g - £ During
training, the gate supervision is derived from ground-truth
force measurements gy = I “|fgt||2 > e], where € = 0.01N
serves as a noise threshold.

3. Motor Condition Estimation. A separate head predicts
a motor condition score ¢ € [0,1]: ¢ = o(MLP“" (hy1)),
where ¢ = 1 indicates normal motor operation and ¢ = 0
indicates degraded or damaged motor state. This enables
condition monitoring by detecting anomalous patterns from
current-torque discrepancies and thermal signatures.
Differentiable Simulation Integration. NeuralActuator is
integrated with differentiable physics simulators. We embed
our model within the simulation loop to enable gradient-based
optimization through the entire system dynamics.

Forward Dynamics. At each simulation timestep ¢, the sim-
ulator computes: (1) Predicted torque: 77! = gy(#;) and
(2) State evolution: s,; = DiffSim(s;, 70", £), where
St = [qt,d:] represents the joint state and ¢f™ is the com-
manded position.

Gradient Computation. Through automatic differentiation, we
compute gradients of a trajectory loss £ with respect to
network parameters:

—~ L sy O™
Bst aTtpred 00 ’

oL
5 = @

t=1
This enables end-to-end learning where the network pa-
rameters are optimized to minimize discrepancies between
simulated and real trajectories.
Model Training. Since ground-truth torque values cannot be
directly measured on low-cost platforms, the torque head
is supervised through pose trajectories: forward integration
maps predicted torques to future configurations, making pose
measurements effective surrogate targets. The force, gate,
and motor-condition heads use direct supervision from their
respective ground truth. We minimize discrepancies between



Fig. 5: Robot arm simulation with external force estimation on the test set. (a) NeuralActuator estimates end-effector
external forces along six directions (£X, 1Y, +7); red arrows visualize the estimated force vectors in simulation (paired with
corresponding real-robot executions). (b) Force estimation during force-aware manipulation: lifting and holding 200 g and 300 g
payloads (top) and pick-and-place with 200 g and 300 g payloads (bottom). Please refer to our video for more results.

simulated and real trajectories through five loss compo-
nents. Joint Angle Loss: To handle angular wraparound,
we define wrap, () = ((z + 7) mod 27) — 7 and com-
pute Ligine = ‘—}I S, lwrap, (@5™ — @5)||1. Gripper Loss:
For the prismatic gripper, Lgrip ﬁ Dot \q;ir'i‘;)t — qgﬁl,tL
Force Loss: When ground-truth forces are available, Lgoee =
ﬁ S, 1P —£2||1. Gate Loss: The contact gate is supervised
with binary cross-entropy against gy = I[||fy[|2 > €]. Condi-
tion Loss: Motor condition is supervised with binary cross-
entropy: Leond = fllﬁ Doilseloge, + (1 — s¢)log(l — )],
where s; = 1 for normal motors and s; = 0 for degraded (re-
stricted) motors. The total loss is: £ = Ajoint Lioint + Agrip Lerip +
)\forceﬁforce+)\gate£gate+)\cond£cond, where T denotes timeSteps
with available ground-truth. We apply focal weighting for
force samples to address contact/free-motion imbalance, and
train with Adam for 10000 epochs. Unless otherwise
specified, experiments are conducted on a standard workstation
with an Intel Core Ultra 7 265K processor (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 [C]
uses an RTX 4090, and the hand-eye calibration measurements
in Appendix [D|use an A6000. Network training and inference
were implemented in JAX JIT [4] with GPU acceleration, and
differentiable simulation for rigid body dynamics was based
on MuJoCo MJX [44]. More details are in our Appendix.

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 7', we compute
the mean absolute error (MAE) across N test trajectories:
MAE;(T) = £ SN L2 [ — (7|, where ¢ and
(jﬁ) denote the ground truth and predicted positions, respec-
tively. Tab. [Tl presents the simulation accuracy across different
time horizons. Our model achieves relatively high short-term
accuracy for revolute joints and prismatic joints. The error
growth remains bounded even at longer horizons—a critical
property for model-predictive control. We believe this horizon
is sufficient for most online planning applications, where re-
planning typically occurs at higher frequencies. The consistent
error growth pattern across joints validates our physics-in-the-

TABLE III: Simulation accuracy on the test set. J1-J4: joint-
angle MAE (deg). Grip: gripper-aperture MAE (mm). @600
steps correspond to 10 seconds.

@100 steps @300 steps @600 steps
Task J1 J2 J3 J4 Grip|J1 J2 J3 J4 Grip|J1 J2 J3 J4 Grip
backward_forward | 2.4 4.3 44 42 0 |23 59 39 42 0 [3.1 48 49 45 0
circular_ccw 1.7 522226 0 15312034 0 |25232128 0
circular_cw 36 32 1422 0 (31191226 0 |26 1.7 2028 0
go_up_stay_still |25 1.8 23 1.2 0 |3.1 2.1 3125 0 |31 153527 0
joint_sweep_1 23251814 0 |19 102618 0 |29 192016 0
joint_sweep_2 21434612 0 |18 67 84 1.1 0 |24 465217 0
joint_sweep_3 37453119 0 |34262828 0 |31262534 0
joint_sweep_4 2.6 48 25 34 0 (29 33 2432 0 |24 292246 0

joint_sweep_5 1.7 3.0 1.7 3.1 04|26 39 23 27 0555 33 5.1 30 07
pick_place_empty (2.6 2.5 22 3.5 1.1 |19 3.6 27 32 1.1 |3.1 27 20 39 1.0

Average ‘2.5 36 26 25 02 ‘2.5 34 3.1 28 02 ‘3‘1 28 32 31 02

TABLE IV: Simulation and force prediction accuracy on
the force-sensor test set. J1-J4: joint-angle MAE (deg). Grip:
gripper-aperture MAE (mm). F: force MAE (N).

@100 steps @300 steps @500 steps
Task J1 J2 J3 J4 Grip F |J1 J2 J3 J4 Grip F |J1 J2 J3 J4 Grip F
With External Force Contact
force_X+[09 23 09 1.6 1.0 036/1.1 18 24 13 1.0 046/09 19 27 1.7 1.0 0.50
force X—| 14 1.1 08 1.1 1.0 039]1.6 23 13 23 10 042/20 29 15 3.0 1.0 044

force_Y+|23 57 28 0.6 0.1 036{2.1 45 26 09 02 03827 48 21 09 03 044
force_Y—|14 1.6 3.1 05 0.1 038/ 15 3.0 3.1 13 0.1 036/14 36 3.1 15 02 038
force_Z+|33 62 33 08 0.1 039/23 56 25 19 02 043/25 44 22 23 03 046
force_Z—| 1.0 59 06 0.6 1.0 036/29 6.6 28 25 1.0 0.64/3.8 64 35 2.0 1.0 0.57

Reference (No External Force)

force_X+[ 0.6 20 1.5 1.2 1.0 001/08 1.8 1.0 I.I 1.0 0.02]/1.0 1.6 1.1 1.I 1.0 0.01
force_X—|2.0 25 05 1.1 1.0 0.00{1.4 23 05 1.0 1.0 0.00{1.5 22 0.8 1.3 1.0 0.00
force_Y+|2.0 1.0 20 0.6 0.1 0.00{2.1 33 2.1 1.1 02 0.00{19 37 17 1.1 04 0.00
force_Y—| 1.0 1.8 1.2 1.3 0.1 0.00{1.6 45 20 22 0.1 0.00{1.2 40 24 1.6 0.3 0.00
force_Z+|12 1.7 2.1 05 0.1 0.00{16 38 22 12 02 0.00{15 29 20 13 0.3 0.00
force_Z—| 0.6 23 09 09 10 0.02/07 1.6 1.1 1.1 1.0 0.01/09 1.3 1.0 1.1 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

loop learning approach, which captures actuator-specific, non-
linear effects while remaining compatible with differentiable
rigid-body dynamics.

Sweeping the rollout horizon H €
{64,128,256,320,500} (Tab. [II),
simulator-side torque gradients re-
main O(1072) with no collapse

TABLE 1II: Gradient
behavior across roll-
out horizons H.

H torque-grad ||V L|| cos
and the parameter-gradient direction ¢4

273¢2 877 0.96

stays nearly fixed (cosine alignment gg %326% g;g (1)-8(9)
. lze- . .

> 0.96 relative to H=128); |[VoL| 30 14502 2201 0.99

plateaus around H=256-320, moti- 500 9.37e-3  20.29 0.98

vating the curriculum used in training.

B. Force Estimation Accuracy

We evaluate force prediction on (i) an external force sensing
benchmark using a calibrated 6-DoF force-torque sensor, and



TABLE V: Simulation and force prediction accuracy on the
weight-based test set. J1-J4: joint-angle MAE (deg). Grip:
gripper-aperture MAE (mm). F: force MAE (N).

@100 steps
Task Weight| J1 J2 J3

200g

@300 steps @600 steps
J4 Grip F |J1 J2 J3 J4 Grip F |J1 J2 J3 J4 Grip F

1.3 50 26 24 0.1 0.12|34 39 42 23 0.1 0.10/3.1 33 43 29 0.1 0.16

a§§;§ 300g |26 53 57 37 0. 02018 34 57 54 00 01735 25 34 46 0.0 020
Y400 22 41 14 50 0.1 007/29 2.1 21 61 0.1 0.12/20 14 30 7.1 02 0.11
200g |07 3.1 43 34 1.1 02427 39 40 40 1.1 008/29 51 29 30 1.0 0.11
pick and300g [ 0.5 45 3.7 09 03 00012 51 48 15 02 0.00[27 78 49 32 03 0.09
place 400g [0.8 2.1 2.8 29 LI 0.19]28 14 34 36 L1 006[24 20 38 33 1.0 003
500g |27 18 17 33 L1 00548 28 1.7 23 1.1 002/42 63 23 23 09 004
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 3.77 050 0.11

(ii) a known-weight benchmark where ground-truth forces are
defined by gravitational loads (200 g-500 g). See visualization
in Fig.

External Force Sensing. Tab. reports 3D external force
prediction across six directions (£X,+Y,+72), 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 0.38-0.57N
at 500 steps (4-6% relative error). On reference trajecto-
ries without contact, Neural Actuator predicts near-zero forces
(0.00-0.02N), reliably distinguishing contact from no-contact
states.We found payloads at or below ~50 g (~0.5 N) sit close
to the noise floor of this low-cost platform. Reliable detection
in that regime is left to future work.

Weight Benchmark. Tab. [V| summarizes force prediction ac-
curacy across weight loads and prediction horizons. NeuralAc-
tuator achieves an average force MAE of 0.08-0.12N across

tasks and horizons, with single-task errors below 0.24 N. The
go-up-and-stay task exhibits relatively larger per-row errors
(up to 0.20N) under sustained static loading.

Novel Contact Geometries. Because

the force head operates at the joint-

torque level, it is less tied to explicit ob-

ject geometry than vision-based force

inference. To probe this, we evaluate u

the pretrained model on two unseen objects (inset) with shapes
and surface frictions absent from training (a 261 g and a 226 g
weight, measured during the still-holding phase). Predicted
forces are 2.80N (GT: 2.56N) and 240N (GT: 2.21N),
indicating some generalization to unseen contact geometries
under this restricted setting.

C. Comparison with Baselines

To place NeuralActuator against principled model-based
alternatives, we compare it with three classical sensorless
force estimators on the weight benchmark: (i) ID-Linear [36],
the textbook inverse-dynamics residual 7.4 = Kyt + b —
7ip(q, ¢, §) with per-joint K, calibrated on free motion;
(ii) ID-Friction [31], which augments (i) with Stribeck fric-
tion and backlash compensation; and (iii) the Generalized
Momentum Observer (GMO) [11], which avoids ¢ via mo-
mentum integration with auto-tuned gain. All three baselines
convert motor current to torque through the linear current—
torque map and map the residual joint torque to end-effector
force through the Jacobian pseudoinverse; importantly, they
consume ground-truth robot states at every step, whereas
NeuralActuator predicts forces from its own simulated rollout.
Two observations stand out. First, fitting K; per joint on

TABLE VI: Force MAE (N) against model-based sensorless
baselines on the weight benchmark (lower is better). Baselines
consume ground-truth states at every step; Neural Actuator uses
simulated rollout states.

Go Up & Stay Pick & Place
Method 200g 300g 400g|200g 300g 400g 500g | Avg
ID-Linear [36] 1.37 1.81 230072 095 122 147|141
ID-Friction [31] | 1.06 1.59 2.15]0.62 0.82 1.10 1.31|1.23
GMO [11 0.58 0.66 123|033 047 0.63 0.75|0.66
NeuralActuator | 0.12  0.20 0.07 | 0.24 0.00 0.19 0.05 | 0.12

the OpenManipulator-X already exposes the limits of the
linear assumption: two joints yield negative slopes before
clamping, consistent with the high gear ratio gearbox masking
the underlying current—torque relation. Second, even after
Stribeck and backlash compensation, the best classical method
(GMO) trails NeuralActuator by 5.5x in mean force MAE
(Tab. 0.66 N vs. 0.12 N). In the no-contact regime, classical
methods produce 33-59% false-positive contact rates whereas
NeuralActuator remains near zero. Adding Stribeck friction
over the linear baseline provides only modest improvement
(1.23 vs. 1.41N), confirming parametric models cannot cap-
ture the nonlinearities of the geared servos used on this low-
cost platform.

D. Motor Condition Estimation

Next, we simulate mo- TABLE VII: Motor condition

tor degradation by wrap- detection.

ping rubber bands around Metric Thres. SVM RF Ours

joints to introduce ad- ~Accurcy 586% 599% 67.1% 91.0%
i . : Precision  0.0% 52.6% 62.3% 84.5%
ditional mechanical resis- .. 00% 31.7% 524% 962%

tance (Flg @ (a)). When AUCROC 045 062 072 095
commanding identical positions, the perturbed motor draws
higher current to overcome the resistance while maintaining
similar trajectories (Fig. @ (b)). This consistent current devia-
tion enables sensorless fault detection without additional sen-
sors. In Tab. we compare NeuralActuator with baselines
for motor condition detection on a pick-and-place task with a
200 g object. NeuralActuator achieves the best performance
with 91.0% accuracy with 96.2% recall and 0.95 AUC-
ROC, demonstrating potential for predictive maintenance and
fault detection on the platforms. Baseline details (Threshold
(Thres.), SVM, Random Forest (RF)) are in Appendix [[]
The rubber band acts as a controlled proxy for mechanical
degradation: it imposes a position-dependent resistance that
raises the current required for the same trajectory, qualitatively
matching the signature of increased bearing friction or gearbox
wear. It does not capture intermittent electrical faults or coil-
side failures, which we leave to future work.

E. Running time performance

Tab. shows that NeuralActuator is efficient enough for
simulation and real-time control: JAX JIT compilation yields
sub-millisecond GPU inference latency and throughput well
above the 60Hz control rate. Batch processing further im-
proves throughput, while the total parameter footprint remains
small, enabling deployment on embedded platforms.



Joint3 Position
0.5 M m M m —

— Abnormal " |
Normal

00 —

Joint3 Position (rad)

5 10 15 20 25 30
Time (s)
jomt3 Current
™ T

VT
bty

-100

" L M
—200
|
{ Abnormal
[ ‘ Normal

IL Pw

-300

Joint3 Current

—400 !
5 10 15 20 25 30
Time (s)
joint3 Current Difference
M i
| \m \ \‘ ¢ 1, | i
LT LT W ETH Y,

W)

(=}

Current Difference
|
N
o
o

5 10 15 20 25 30
Time (s)

(b)

Fig. 6: Motor Condition Estimation. (a) Rubber bands
wrapped around Joint 3 to simulate increased resistance from
motor degradation or wear. (b) Despite the same position
trajectories (top), the abnormal motor requires a higher current
(middle), yielding a detectable difference (bottom).

TABLE VIII: Model parameters and runtime performance.

Model Sizes Inference
Metric Value  Unit  Metric Value Unit
Parameters 1.42M - Mean time 0.25 ms
FLOPs (fwd) 5.46M - P95 time 0.31 ms
Thru. (b=1) 4,019 Hz
Parameter memory 543 MB Thru, (b=32) 10,092 Hz

F. Sim-to-Real for Real Robot Control — Imitation Learning

To demonstrate the utility of Neural Actuator as a simulation
component, we train a behavior cloning (BC) controller on top
of a frozen neural actuator layer. Following [29], we collect
expert demonstrations via teleoperation and train a policy
network to predict commanded joint positions (see details
in Appendix [H). We train the policy using demonstrations
with 100 g, 200 g, 300 g, and 500 g payloads, and evaluate on
400 g for object lift-and-hold and 500g for pick-and-place.
Force-aware policy input. In our setting, the BC policy
is conditioned not only on proprioception and target joint
positions, but also on the external force signal predicted
by the frozen NeuralActuator module, f'ex[. This augments
position-only control with force feedback, which matters under
varying payloads and intermittent contacts. The NeuralAc-
tuator module is frozen throughout policy training and the
NAD data itself is collected through teleoperation rather than
a learned controller, so the actuator mapping is identified from
the hardware’s input—output behavior and is not coupled to any
specific control policy. Position-only baseline. The baseline
trains the same policy without NeuralActuator and without
any external force input. Tab. [[X] compares success rates with
and without the neural actuator layer, showing that accurate
actuator modeling together with force feedback consistently
improves sim-to-real transfer for manipulation tasks (Fig. [I).

G. Visual Supervision

We demonstrate the application of our differentiable simu-
lation framework with differentiable rendering for fully dif-

TABLE IX: Behavior cloning success rates with NeuralAc-
tuator. Results are averaged over 40 trials.

Task w/o NeuralActuator  w/ NeuralActuator
Pick-and-Place 80% 92.5%
Go Up-and-Stay 85% 95%

Masks

n/

Masks

M

T

InitCam+Orig Robt;t In\tCaerOptRoboyt OptCaerOptRob?t

rf_ntf Lt
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Fig. 7: NeuralActuator for hand-eye calibration. Combining
NeuralActuator with a differentiable rendering pipeline for
end-to-end hand-eye calibration.

ferentiable hand-eye calibration. We initialize 7;; (camera-
from-base) with a geometric 3-point initialization that aligns
depth-lifted image keypoints with the corresponding forward-
kinematics keypoints, and jointly refine the camera extrin-
sics and per-frame joint configurations through differentiable
silhouette-based optimization, following the EasyHeC [7] for-
mulation; camera intrinsics are estimated using VGGT [43]]
and held fixed. The rendered robot silhouette is matched to a
segmentation mask produced by SAM3 [6] with “robot arm”
as the text prompt, and consistency is evaluated by mask IoU,
reaching an average IoU of 0.8515. Please check out more
details in Appendix

H. Ablation on Network Architecture

Because there is no baseline specifically designed for this
task, we evaluate the impact of different neural architectures
for the actuator model, comparing three architectures with
matched parameter counts (~1.4M parameters) against our
proposed approach. Let &; € RF denote the feature vec-
tor containing joint states, motor currents, and goals. We
consider: (i) MLP: A feedforward network with LayerNorm
predicting torques from flattened history 7; = fo(®i—r41:4);
(i) GRU [9]: A recurrent model h; = GRUg(xs, hi_1)
with learnable initial states; (iii)) LSTM [20]]: Long short-term
memory cells (h;,¢;) = LSTMg (@, hi—1,ci—1) for long-
range dependencies. As shown in Tab. [X| our Transformer-
based approach achieves high dynamics modeling as well as
force prediction accuracy compared with other design choices.

1. More Platforms

7-DoF Franka Emika Panda with joint torque sensors. This
platform exposes per-joint torque measurements, enabling a
direct predicted-vs-measured torque validation rather than the
pose-only validation used on low-cost servos. For force esti-
mation on Franka, the predicted joint torque 7 is fed back as
an input feature to the force head. Across 200-600 g lift-and-
hold trajectories, the model attains <3.7° per-joint MAE at all
settings, 0.26-0.42N force MAE, and 0.50-0.98 Nm torque
MAE against the on-board sensors (ground-truth torque range



TABLE X: Comparison of neural architectures for actua-
tion modeling. We report rollout and force prediction accuracy
at a 500-step prediction horizon. Bold marks the best result
per column; ties are bolded jointly.

Model J1 J2 13 J4 Grip F
MLP 455 581 348 216 091 047
GRU 1.83 208 1.68 1.70 0.65 0.49
LSTM 291 7.66 321 3.08 0.71 041
Ours 1.78 331 2.01 158 0.65 0.23

I
7y n

(R

Fig. 8: Cross-platform validation. We train Neural Actuator
from scratch on a 7-DoF Franka Emika Panda robot with on-
board joint torque sensors and a 6-DoF SO-101 low-cost arm
(STS3215 servos), spanning three actuator families and the
$500-$30k+ cost spectrum.

0.1-30Nm), giving the first sensor-grounded confirmation that
NeuralActuator’s torque predictions are physically meaningful.
Per-joint breakdown at both 100- and 500-step rollouts is
reported in Appendix [J] Tab. [AT§]

6-DoF low-cost arm (SO-101). SO-101 uses STS3215 serial-
bus servos with heterogeneous gearing (1:147-1:345), vali-
dating transfer beyond the Dynamixel family used in NAD.
We collected 40,426 frames (649s at 62.3Hz) across six
task—weight combinations following the NAD protocol. At a
500-step rollout, the model reaches 0.47-0.73 N force MAE
for 300-500¢g payloads. Joint MAE is larger than on the
original platform (up to ~9.8° on Joint 3; per-joint breakdown
in Appendix [J} Tab. [AT7), attributable to the heterogeneous
gearing and the smaller per-platform dataset; the few-trajectory
online adaptation routine of Appendix [l mitigates both.

J. Learned Torque Values

We visualize the learned joint torques during real robot arm
control. Fig. [9] compares the model-predicted torques with the
measured motor currents over time for four joints. No torque
sensor is available on this platform, so the comparison here is a
qualitative illustration of the nonlinear current—torque relation
learned by the model rather than a sensor-based validation;
we report a direct predicted-vs-measured comparison on a 7-
DoF arm with joint torque sensors in Sec. Although
the signals are roughly correlated, the effective current—torque
gain and offset vary across joints and motion phases, exhibiting
saturation, hysteresis, and noise. These patterns are consistent
with low-cost actuator effects such as static friction, thermal
drift, and gearbox backlash, under which simplified traditional
models are often unstable or unidentifiable. In contrast, our
neural torque prediction design allows the network to learn the
full nonlinear and history-dependent mapping from telemetry
to torque for more accurate actuation modeling.
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Fig. 9: Relationship between motor current and predicted
joint torque. The effective gain and offset vary across joints
and phases, with evident saturation and noise, indicating a
distinctly nonlinear current-to-torque mapping. The averaged
joint-angle MAE and gripper-position MAE are 1.26° and
1 mm, respectively (at 500 rollout steps). The y-axis values are
model-predicted torques (Nm); the OpenManipulator-X has
no on-board torque sensor, so this visualization illustrates the
learned nonlinear current—torque mapping rather than a torque-
sensor validation. A direct predicted-vs-measured comparison
on a 7-DoF arm with joint torque sensors is in Sec. @
V. CONCLUSION

We presented NeuralActuator, a differentiable neural actua-
tor model for low-cost robots that supports direct torque pre-
diction and force perception without dedicated sensors. Instead
of assuming a fixed linear current—torque relation, Neural Ac-
tuator learns a history-dependent mapping from telemetry and
commands to torque, while jointly estimating external forces
and contact. We provide a twin-arm teleoperation pipeline for
collecting force-labeled data, a multi-task Transformer that
predicts torques, forces, and contact states, and a torque-
sensor-free training procedure through differentiable simula-
tion. Experiments across three platforms spanning three actua-
tor families and the $500-$30k+ cost spectrum show improved
motion prediction, reliable force estimation on weight bench-
marks, motor condition detection, and behavior cloning with
NeuralActuator. Limitations and Future Work. Like all data-
driven dynamics models, NeuralActuator accumulates error
over long-horizon open-loop rollouts, eventually degrading
tracking accuracy; the few-trajectory online adaptation routine
in Appendix [I] mitigates this drift. Future work could explore
multi-point force prediction and more scalable ways to learn
force estimation from visual cues.
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