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Fig. 1: Overview of our real-to-sim-to-real shared autonomy framework. A small amount of real teleoperation data (< 5 minutes) is used
to construct a lightweight human surrogate, which drives simulation-based training of a residual copilot policy. At deployment, the copilot
provides low-level corrective actions that combine with human commands to produce reliable and efficient shared autonomy for fine-grained,
contact-rich manipulation tasks, where direct teleoperation struggles with precise alignment, axis-constrained rotation, and contact regulation,

including nut threading, gear meshing, and peg insertion.

Abstract—Fine-grained, contact-rich teleoperation remains
slow, error-prone, and unreliable in real-world manipulation
tasks, even for experienced operators. Shared autonomy offers
a promising way to improve performance by combining human
intent with automated assistance, but learning effective assistance
in simulation requires a faithful model of human behavior, which
is difficult to obtain in practice. We propose a real-to-sim-to-real
shared autonomy framework that augments human teleoperation
with learned corrective behaviors, using a simple yet effective k-
nearest-neighbor (kNN) human surrogate to model operator ac-
tions in simulation. The surrogate is fit from less than five minutes
of real-world teleoperation data and enables stable training of
a residual copilot policy with model-free reinforcement learning.
The resulting copilot is deployed to assist human operators in
real-world fine-grained manipulation tasks. Through simulation
experiments and a user study with sixteen participants on
industry-relevant tasks, including nut threading, gear meshing,
and peg insertion, we show that our system improves task success
for novice operators and execution efficiency for experienced
operators compared to direct teleoperation and shared-autonomy
baselines that rely on expert priors or behavioral-cloning pilots.
In addition, copilot-assisted teleoperation produces higher-quality
demonstrations for downstream imitation learning. Website:
https://residual-copilot.github.io/

I. INTRODUCTION

Teleoperation is essential for executing complex robotic
manipulation tasks and collecting demonstrations to train
visuomotor policies. However, for fine-grained, contact-rich
manipulation, teleoperation is often slow and error-prone,
making it a practical bottleneck for both deployment and
scaling high-quality data.

A key reason lies in a mismatch between human capabilities
and the role assigned to them in conventional teleoperation.
Humans excel at high-level intent and task reasoning but strug-
gle with continuous millimeter-scale alignment and contact
regulation through a teleoperation interface, due to limited
viewpoints, latency, and the embodiment gap. These low-level
behaviors are better handled by an automated copilot.

Shared autonomy addresses this by assisting operators dur-
ing execution. Prior methods either map human commands
toward a stronger action prior such as an expert policy [3L 5, [9]
11l [T9]], or learn a copilot conditioned on pilot commands
via reinforcement learning or residual formulations [2} 12}
[T5]l. However, methods relying on expert priors shift the
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challenge to obtaining the prior itself, while existing copilot-
learning approaches either require extensive human-in-the-
loop training, large-scale surrogate data, or remain difficult
to deploy in complex real-world settings.

We propose a real-to-sim-to-real shared autonomy pipeline
that sidesteps these limitations. Rather than first solving full
autonomy, we learn low-level corrective behaviors that pre-
serve human intent. Our approach trains a residual copilot
using model-free reinforcement learning in simulation, driven
by a lightweight k-nearest-neighbor (kNN) human surrogate
fit from fewer than five minutes of real teleoperation data. By
remaining within empirical data support, the kNN surrogate
enables stable copilot training and effective sim-to-real trans-
fer.

We evaluate on fine-grained, contact-rich assembly tasks,
including nut threading, gear meshing, and peg insertion,
through simulation experiments and a user study with novice
and experienced operators. Our system improves task success
for novices and execution efficiency for experienced operators
compared to direct teleoperation and shared-autonomy base-
lines, while also producing higher-quality demonstrations for
downstream imitation learning.

In summary, our contributions are: (1) a real-to-sim-to-real
shared autonomy pipeline that assist teleoperation for high-
precision, contact-rich manipulation; (2) a lightweight kNN
surrogate, built from fewer than five minutes of data, that
serves as an effective pilot model for copilot training; and
(3) demonstrated improvements in both effectiveness and effi-
ciency for novice and experienced operators, enabling higher-
quality demonstration collection and practical assistive and
remote teleoperation.

II. METHOD

A. Problem Definition

We model shared autonomy as a POMDP M =
(X, A, T,R,Q,0,~). The full state z; = (s;,g) comprises
the environment state s, (end-effector pose/velocity, gripper
state, object poses in end-effector frame) and the pilot’s latent
goal g, which is unobservable to the copilot. The pilot issues a
goal-implicit command al' = [p, q,u] € A (target end-effector
pose and gripper command) via teleoperation. Rather than
explicitly inferring g, we treat intent as expressed implicitly
through these commands.

The copilot observes o; = (s, a?) and learns a residual
correction 7, (a}*® | o) on top of the pilot command, trained
with PPO [14] without access to dynamics, goals, or the pilot
policy. The reward decomposes as R = Rgeneral + Resuccesss
where Rgeneral  Captures goal-agnostic objectives (termina-
tion/contact penalties, alignment shaping, action regulariza-
tion) and Rgyuccess pProvides a sparse task-specific success signal.

B. Human Surrogate Model

Training with human pilots in the loop is costly. Follow-
ing Reddy et al. [12], Schaff and Walter [13], we train in

simulation with a surrogate that must (1) remain coherent un-
der copilot-induced distribution shift, and (2) be constructible
from limited data.

We adopt a non-parametric k-nearest-neighbor surrogate
7NN (kNN Pilot) built from a small demonstration set
that may include unsuccessful trials. By retrieving actions
directly from the empirical manifold, the kNN Pilot avoids
extrapolation beyond distributional support, promoting stable
behavior under moderate distribution shift. Neighbors are re-
trieved using a weighted distance over end-effector commands
combining Lo position distance, geodesic distance in SO(3)
for orientation, and L; norm for the gripper command, with
weights tuned on the demonstration set. We augment the
surrogate with two mechanisms:

Action chunking. The surrogate retrieves k nearest neigh-
bors, samples one via temperature-scaled softmax over neg-
ative distances, and outputs a short chunk of consecutive
commands to preserve temporal consistency.

Smooth local perturbations. To expand coverage beyond
empirical support, retrieved commands are composed with
perturbations da; = mye;, where g4 is i.i.d. uniform noise
and m; is a smooth gate (exponentially smoothed Bernoulli
process) that controls gradual onset and decay of noisy phases.

C. Real-to-Sim-to-Real

A small set of real teleoperation demonstrations is used
to fit the kNN Pilot and calibrate the simulator. We tune
joint-space PID gains, task-space admittance parameters [6, 7],
and physical parameters (friction, center of mass) to match
real trajectories. For sim-to-real transfer, we apply domain
randomization over calibrated controller parameters and object
pose observations to bridge remaining gaps from controller
discrepancies and pose estimation error.

III. EXPERIMENTS

We evaluate our Residual Copilot on fine-grained,
contact-rich manipulation tasks, aiming to address: (Q1) Can
our copilot improve human operator performance in contact-
rich assembly? (Q2) Does the kNN Pilot outperform prior
human surrogates and guided diffusion baselines? (Q3) Does
copilot-assisted data improve downstream imitation learning?

Experiment Setup. We evaluate through a real-world
user study (Sec. [lII-A), a pilot model robustness analysis
(Sec. [MI-B)), and a downstream imitation learning comparison
(Sec. [III-C). We consider three contact-rich assembly tasks
from NIST board #1 [1]: Gear Meshing (pick, insert, and
mesh the medium-sized gear); Nut Threading (pick an M32
nut and tighten > 180° via three successive 60° turns); and
Peg Insertion (pick and fully insert an 8 mm peg).

Participants teleoperate a UFactory xArm?7 via GELLO [17]
in 7-DoF task space. A wrist-mounted force—torque sensor
provides measurements for admittance control, and an Intel
RealSense D455 supplies RGB-D input for object pose esti-
mation with FoundationPose [[16]. Simulation experiments use
Isaac Lab [8] with customized Factory [10] environments.
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Fig. 2: Human experiment results across three contact-rich assembly tasks. Rows: Gear Meshmg, Nut Threading, Peg Insertion. Left:
success rate and completion time (solid line: mean; shaded: std; dashed: per-method mean). Right: NASA-TLX workload (lower is better)
and user satisfaction (higher is better). The Residual Copilot consistently improves success rate and completion time while reducing

workload and increasing satisfaction.

Subject Allocation. We recruited 12 novice teleoperators
for gear meshing and peg insertion, and 4 experienced opera-
tors for nut threading, totaling over 20 hours of teleoperation.
We interleave direct and copilot-assisted trials to control for
learning effects.

Baselines. We implement the following pilot models: (i) BC
Pilot, a Diffusion Policy (DP) trained on < 5 minutes of
augmented real teleoperation data per task, following Schaff
and Walter [13]]; (ii) Expert-based Pilots, comprising
a near-optimal Expert Pilot (DP trained on 2,000 suc-
cessful rollouts from our copilot), plus Laggy (p=0.8 action
repeat) and Noisy (p=0.5 smooth gated noise; Sec. [[I-B)
variants following Reddy et al. [12]]. Using these pilots, we
train copilot baselines: (i) GD Copilots, guided-diffusion
copilots [18] that denoise actions conditioned on pilot com-
mands, with GD BC trained on augmented teleoperation data,
GD Expert on expert rollouts (an impractical upper bound);
(i) Residual BC, a residual RL copilot assisting the BC
Pilot, differing from our method only in pilot model choice.

A. Copilot Performance

To address Q1, we conduct a user study comparing direct
and copilot-assisted teleoperation on three contact-rich as-
sembly tasks, evaluating objective performance and subjective
experience (Fig. 2).

For Nut Threading, operators frequently lose alignment
or apply insufficient torque, causing premature disengagement
(Fig. B). The copilot stabilizes orientation and amplifies rota-
tional commands, improving success by up to 30%. For Gear

Meshing, direct teleoperation fails due to imperceptible mis-
alignments. The copilot applies subtle rotational corrections
at contact, reducing the low-level alignment burden. For Peg
Insertion, the copilot stabilizes the end-effector at an effective
pre-grasp pose while leaving grasp timing to the operator,
improving reliability while preserving task-level control.

Across tasks, the Residual Copilot consistently im-
proves success rates and reduces completion time by de-
creasing failed attempts and corrective motions. These gains
align with subjective reports: participants report lower NASA-
TLX workload and higher satisfaction, indicating that residual
assistance improves task outcomes while reducing cognitive
and physical burden.

B. Human Surrogate Analysis

To address Q2, we compare our Residual Copilot
against Residual BC with novice teleoperators on gear
meshing (Fig. 2] top row). Our copilot improves both objective
performance and subjective ratings, with participants reporting
higher correct intent, suggesting the kNN Pilot yields more
reliable corrections that better preserve human intent.

In simulation (Table [I), our copilot achieves the highest in-
distribution performance and smallest degradation under pilot
mismatch. Residual BC achieves consistently lower task
progression under suboptimal pilots, suggesting it fails to ex-
plore success-relevant regions under copilot-induced distribu-
tion shift with sparse rewards. GD Copilots are highly sen-
sitive to pilot choice: guiding GD Expert with the Expert
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Fig. 3: Qualitative results. Trajectory overlays comparing unassisted teleoperation and our Residual Copilot. Top (effectiveness):
the copilot enables reliable completion where teleoperation fails due to force, rotation, or grasp errors. Bottom (efficiency): when both

succeed, the copilot reduces completion time with smoother motions.

| Eval. Pilot
Copilot - - - - - -
Laggy Pilot Noisy Pilot Expert Pilot BC Pilot kNN Pilot

Gear Peg Nut | Gear Peg Nut | Gear Peg Nut Gear Peg Nut Gear Peg Nut
No Copilot 097 094 049 | 092 091 0.24| 0.99 0.99 0.61 0.84 0.71 0.03 0.87 0.85 0.16
GD Expert 096 089 024 ] 095 091 025 094 0.90 0.28 0.94 0.89 0.34 0.95 0.90 0.27
GD BC 0.63 056 0.00 | 0.65 0.56 0.00 | 0.62 0.53 0.01 0.63 0.52 0.01 0.66 0.55 0.00
Residual BC 096 044 0.00 | 091 044 0.00 | 0.98 0.44 0.00 0.70 0.40 0.00 0.86 0.46 0.02
Residual Copilot (Ours) | 099 092 0.65| 096 092 0.69 | 0.98 0.93 0.74 0.97 0.83 0.21 1.00 0.99 0.81

TABLE I: Cross-pilot generalization in simulation. Rows: training pilot; columns: evaluation pilot across three tasks. Each cell reports
task progression over 1,000 trials. Diagonal entries (gray/blue) denote in-distribution evaluation; off-diagonal entries measure generalization
to unseen pilots. The Residual Copilot maintains consistently high performance across evaluation pilots, demonstrating robustness to

pilot mismatch and perturbations.

Pilot reduces performance relative to No Copilot, while
steering GD BC with stronger priors yields no improvement,
indicating that test-time guidance alone cannot reconcile action
optimality with preservation of human intent.

C. Data Quality Comparison

To address Q3, we train a vision-based Diffusion Policy on
gear-meshing data from five participants under two conditions:
(i) matched attempts, using all successes from equal attempts
per method, and (ii) matched successes, using the same
number of successful demonstrations.

Copilot-assisted data yields substantially higher downstream
performance under both conditions (Table [[I). Matched suc-
cesses isolates demonstration quality: copilot assistance pro-
duces more consistent trajectories in alignment, contact tim-
ing, and approach strategy (Fig. [3), whereas teleoperation
demonstrations contain larger corrective motions that increase
variability. These results highlight shared autonomy as a tool
for scalable, high-quality demonstration collection.

IV. CONCLUSION

We presented a real-to-sim-to-real shared autonomy frame-
work for fine-grained, contact-rich teleoperation. Our approach
trains a residual copilot using reinforcement learning in sim-
ulation, driven by a lightweight kNN human surrogate fit

Matched attempts Matched successes

Method Grasp Insert Grasp Insert
Teleop 720 1/20 6/20 0/20
Residual (Ours)  18/20 11/20 19/20 9/20

TABLE II: Downstream policy progression from copilot vs.
teleoperation data (Gear Meshing). Diffusion policies trained on
copilot-assisted or direct teleoperation demonstrations, controlling
for data budget (matched attempts) and success count (matched
successes). Copilot assistance improves learnability and consistency
of collected demonstrations.

from fewer than five minutes of real teleoperation data. By
learning only low-level corrective behaviors on top of human
commands, the copilot preserves operator intent while avoid-
ing reliance on brittle parametric behavioral-cloning pilots or
expert autonomous priors.

Across both simulation and a real-world user study on
nut threading, gear meshing, and peg insertion, our system
improves task success for novices and execution efficiency
for experienced operators relative to direct teleoperation and
prior shared-autonomy baselines. Beyond execution perfor-
mance, copilot-assisted teleoperation produces demonstrations
with greater consistency and structure, leading to improved
downstream imitation learning policy performance.
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