
npj | science of learning Article
Published in partnership with The University of Queensland

Article in Press https://doi.org/10.1038/s41539-026-00442-6

Human learning dynamics during
teleoperation of surgical robots
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Robot-assisted minimally invasive surgery requires operators to learn precise motor control. In this
paper, we examined how task complexity and the human-robot motion scaling ratio affect
teleoperation learning in a ring-through-rail task implemented on the da Vinci Research Kit. Human
participants completed training, retention, and transfer phases across different rail shapes andmotion
scaling ratios. In parallel, a linear-quadratic-Gaussian (LQG) controller performed the same task by
combining state estimation with optimal feedback control. Humans and the model showed
qualitatively similar patterns of improvement with practice and generalization across complexity.
These results suggest that a simple control theorymodel can capture features of human teleoperation
learning, providing amechanistic model to predict howmotor skill transfers and how robotic interface
settings influence motor learning.

Robot-assisted minimally invasive surgery (RAMIS) has become an
important component ofmodern clinical practice, extending the capabilities
of conventional minimally invasive procedures. Systems such as the da
Vinci Surgical System (Intuitive Surgical, Sunnyvale, CA) exemplify this
class of technology and have demonstrated how teleoperated robotic plat-
forms can enhance geometric accuracy, reduce operator fatigue, and sup-
port smaller incisions that can improve patient recovery and outcomes1,2.
RAMIS also advances conventional minimally invasive surgery by offering
capabilities such as motion scaling and tremor reduction, which enable
precise manipulation of delicate surgical instruments3.

Despite these benefits, mastering RAMIS presents unique challenges
for surgeons. During teleoperation, surgeons must perform complex eye-
hand-foot coordination while working at a remote console, relying on
video-mediated 3D endoscopic imagery instead of direct line-of-sight. The
absence of tactile feedback, the altered visual-motormappings, and the need
to integratemultiple streams of sensory information all contribute to a steep
teleoperation learning curve4–6. These features also make robotic tele-
operation a complex embodied learning task, in which operators must
coordinate physical action, visual feedback, spatial reasoning, and limited
cognitive resources. Recent work integrating embodied cognition and
cognitive load theory suggests that physical action can support learning, but
the learning outcomes depend onwhether task demands are structured in a
way that keeps cognitive load manageable7,8. As RAMIS becomes widely
used, there is an increasing need for structured, evidence-based RAMIS
training protocols that can accelerate skill acquisition while maintaining
patient safety. To develop such protocols, it is essential to understand the
specific factors that affect motor learning during teleoperation.

This study aims to understand how humans learn to teleoperate sur-
gical robots by disentangling two types of factors that affect the learning
curve: (i) task complexity, and (ii) robot-related sensorimotor adaptation.

First, the complexity of the training task directly influences learning.
Tasks that require more precise motor control, involve complex bimanual
coordination, or impose higher cognitive workload are more difficult and
are expected to produce slower learning, whereas simpler tasks may allow
for rapid improvement. Beyond immediate performance gains, task com-
plexity is also widely believed to affect how well acquired skills are retained
over time and transferred to novel tasks. Although simulation-based and
proficiency-based robotic surgery curricula are increasingly used, how task
complexity influences skill retention and transfer in the context of RAMIS
training has not been systematically analyzed9,10.

Second, skill acquisitiondependson the surgeon’s ability to adapt to the
robotic interface. Successful teleoperation requires surgeons to construct an
internal model of the teleoperated system, adapt to altered visual-motor
mappings and compensate for the absence of tactile cues. Surgeons must
understandhow the robot responds to their control inputs andhowchanges
in themotion scaling ratio alter the sensitivity and stability of movements11.
Early in training, unfamiliarity with the robot’s interface, such as the gripper
inertia and responsiveness, can lead to jerky, imprecise movements and
frequent errors. With practice, surgeons update their internal model,
allowing them to predict the outcome of their motor commands more
accurately and to stabilize the end-effector along the desired trajectory. This
process of sensorimotor adaptation is independentof task complexity per se,
yet the two together affect overall teleoperation performance.
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The goal of our study is to disentangle the contributions of task
complexity and motion scaling to human learning during surgical tele-
operation. Drawing on cognitive science and control theory, we model the
human teleoperator as a linear-quadratic-Gaussian (LQG) controller with
an internal estimate of themotion scaling ratio that is updated over training.
This modeling choice is motivated by Bayesian and optimal-control
accounts of sensorimotor behavior, which emphasize that effective action
requires representing uncertainty arising from sensory and motor noise, as
well as ambiguity about the environment. In these frameworks, the nervous
system constructs internal models of sensorimotor transformations and
uses prediction errors, weighted by their reliability, to guide inference and
learning12–14. Consistentwith this view, research in sensorimotor control has
shown that many features of human movement, including goal-directed
reaching and flexible responses to perturbations, can be explained by
optimal feedback control, in which participants tried to balanceminimizing
task error and control effort under uncertainty13,15–18. Related work has also
proposed computational accounts of human learning using Bayesian
models19 and Markov decision processes20. Building on these com-
plementary perspectives, we treat surgical teleoperation learning as adaptive
control under uncertainty: operators must infer the human-robot motion
scaling while generating feedback commands that trade off accuracy and
effort. This motivates our use of an LQG controller with an internal map-
ping estimate that is updated during training. Compared with simpler
controllers such as PD or first-order models, LQG explicitly separates state
estimation from feedback control. This distinction is important for the
proposed task because participants performed continuous teleoperation
under noisy sensory observations and altered visuomotor mappings.
Although the controlled plant can be represented using second-order
position-velocity dynamics, the LQG controller goes beyond a simple
second-order model by specifying how noisy observations are combined
with internal predictions to estimate the current state and generate feedback
control. In thismodel, theKalman gain provides an interpretable parameter
governing how internal state estimates are updated across training, reten-
tion, and transfer. Simpler controllers can reproduce position trackingwhen
tuned appropriately, but they do not directly model sensory uncertainty or
belief updating. Reinforcement learning approaches are powerful for
reward-driven sequential decision-making when system dynamics or cost
functions are unknown21; however, our focus is on continuous closed-loop
sensorimotor control under sensory noise, where the system dynamics are
defined. LQG therefore provides a mathematically tractable and inter-
pretable framework for modeling adaptive teleoperation behavior in
this study.

In our study, bothhumans and the LQGmodel perform the same setof
ring-through-rail tasks under the same task complexity and mapping ratio
conditions. Their behaviors were then compared qualitatively. By having
humans and the LQG controller perform the same task, we aim to (i)
characterize how task complexity and motion scaling ratio affect learning,
retention, and transfer, and (ii) assess to what extent a simple LQG model
can reproduce the patterns observed in human teleoperation. Ultimately,
this work is intended to inform the design of surgical training protocols and
robotic interfaces that better support efficient skill acquisition in RAMIS.
More broadly, the study motivates viewing teleoperation as a human-
machine interaction problem, in which operator skill and robotic interface
design jointly affect how limited perceptual, motor, and cognitive resources
are allocated during learning22.

Task complexity during training would non-linearly influence motor
learning, which we assess using retention and transfer tests. The retention
test evaluates the persistence of performance after a delay when participants
are re-tested under the trained condition. The transfer test evaluates the
ability to generalize learned skills to a novel motion scaling ratio different
from that used during training23. Therefore, we hypothesized an inverted
U-shaped relationship between task complexity and motor learning out-
comes, consistent with the Challenge Point Hypothesis24–26. This prediction
also aligns with evidence that learning is optimized at intermediate levels of
challenge, when task demands produce an intermediate error rate rather

than being either too easy or too demanding27. Accordingly, we predicted
that intermediate levels of task complexitywould yield optimal performance
in both retention and transfer tasks, whereas very low or very high com-
plexity would be less effective. We designed three rails that differed in
geometric complexity, thereby increasing task complexity along multiple
dimensions simultaneously: (1) a circular rail constrained to a single level
(mean curvature �κ ¼ 0:031, κmax ¼ 0:061), (2) a rail with two primary
turns and two elevation levels (�κ ¼ 0:037, κmax ¼ 0:211), and (3) a rail with
three turns and three elevation levels (�κ ¼ 0:060, κmax ¼ 0:409). Here �κ is
the mean curvature of the rail and κmax is the maximum curvature. Higher
curvature requires more precise and continuous end-effector corrections;
elevation changes introduce an additional spatial degree of freedom that
must be actively monitored, and additional turns increase the number of
rotational transitions that must be anticipated and executed.

Beyond task performance, we also hypothesized that subjective cog-
nitive workload would decrease with learning. From a cognitive-load per-
spective, more complex rails increase task difficulty because participants
must simultaneously coordinate trajectory tracking, orientation control,
collision avoidance, depth perception, and adaptation to the teleoperation
mapping, and these components cannot be managed independently28. As
geometric complexity increases, the cognitive load imposed by the task
places greater demands on working-memory and attentional resources. For
novice teleoperators, these component processes have not yet been auto-
matized and therefore compete for limited cognitive resources during
performance8. As skill develops and these component processes become
more automatic, the same objective task complexity may impose lower
subjective difficulty, thereby freeing cognitive resources for higher-order
control refinement. We therefore also predicted that subjective cognitive
workload would decrease with learning as participants progressively
developed more efficient sensorimotor control strategies and internal
representations of the teleoperation system. Perceived workload was
assessed using NASA-TLX29.

We further examinedwhether themotion scaling ratio would produce
asymmetric transfer of learning. The motion scaling ratio is an adjustable
parameter in the robotic interface, defined as the ratio of operator hand
motion to robot end-effector motion. For example, a ratio of 0.2 maps a
1-unit human input to a 0.2-unit robotic movement, which improves pre-
cision and stability due to downscaled operator motion. Conversely, larger
ratios (e.g., 0.6) amplify operatormotion and requirefinerhuman control to
achieve the same level of robotic precision. Thus, scaling ratio is a potential
factor that may influence how learning generalizes across mappings. Spe-
cifically, we hypothesized that training under a higher ratio (0.6) would
transfer more effectively to a moderate (0.4) than training under a lower
ratio (0.2) would transfer to 0.4. This asymmetric transfer was hypothesized
because higher motion scaling ratios might impose greater control, and
therefore encourage a more robust internal model that transfers to less
demanding conditions. This hypothesis was consistent with findings that
asymmetric transfer occurred when training under highly complex condi-
tions exposed individuals to the full range of movement required for harder
tasks30. However, it is also plausible that participants rapidly adapt for
scaling differences through feedback, such that scaling primarily affects
movement efficiency (e.g., path length and duration) rather than aiming-
related outcomes (e.g., drops and collisions). Thus, the present study eval-
uates whether scaling ratio meaningfully modulates transfer performance,
and if so, which behavioral metrics are most sensitive to this effect.

Results
Human studies of performance improve over training
Across training, robust improvements were observed in translational path
length, trial duration, number of drops, and the number of handovers,
whereas rotational path length remained largely unchanged. Below, we
report a paired t test between Block 1 and the Retention block, followed by
linear mixed-effects (LME) models assessing block-wise learning effects
from Block 1 to Retention.
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We observed a reliable reduction in the gripper’s translational path
length from Block 1 to Retention. The paired t-test comparison between
Block 1 and Retention reveals a statistically significant decrease in path
length, paired t test: t(23) = 2.840, p = 0.009; Cohen’s d = 0.580; mean
percentage change (Retention vs. Block 1) = − 18.8%. The corresponding
LME with Block as a fixed effect and random intercepts for participants
revealed a significant main effect of Block on path length, F(4, 115) = 5.162,
p = 0.001, indicating a reduction in translational distance across training
(Table 1; Fig. 1).

In contrast, rotational path length did not show a Block 1-to-Retention
reduction at the group level (Fig. 1b). The paired t test comparison between
Block 1 and Retention is non-significant, paired t test: t(23) = 1.020,
p = 0.320; Cohen’s d = 0.210; mean percentage change (Retention vs. Block
1) = 10.2%. Consistently, the LMEwith Block (1–5) as a fixed effect did not
show a reliable Block effect, F(4, 115) = 0.706, p = 0.590.

Here we observe a dissociation between translational and rotational
control (Fig. 2). Translational path length decreased over training, reflecting
more direct and efficient end-effector movement, whereas rotational path
length did not show a consistent reduction. This pattern is consistent with
the hypothesis that participants continued to purposefully explore the arm’s
joint redundancy during learning16,31,32. One possible interpretation is that
participants reduced inefficient translational corrections to lower overall
task demands, thereby freeing attentional and working-memory resources
for exploration of joint-level coordination strategies. Recent work from
cognitive load theory suggests that motor control and cognitive processing
rely on integrated and limited attentional resources rather than fully inde-
pendent systems8. Under this view, improving translational efficiency may
allow learners to allocate more cognitive and motor resources toward
exploring alternative rotational and joint configurations that supportmotor
skill acquisition. Together, these results suggest that participants learned to
stabilize end-effector translational movement while continuing to explore
alternative strategies to adapt to task complexity.

For trial duration, participants became significantly faster across
training. The paired t test between Block 1 and Retention showed a robust
reduction in trial duration, paired t test: t(23) = 3.770, p = 0.001; Cohen’s
d = 0.770; mean percentage change (Retention vs. Block 1) =− 34.7%. The
LME analysis confirmed a significant main effect of Block on trial duration
across Blocks 1–5, F(4, 115) = 10.381, p < 0.001, with progressively shorter
trial times from Block 1 through Retention (Fig. 1).

The frequency of participants dropping the ring also decreased sig-
nificantly across training. The paired comparison between Block 1 and
Retention showed a robust reduction in the number of drops, paired t test:
t(23) = 4.260, p < 0.001; Cohen’s d = 0.870; mean percentage change

(Retention vs. Block 1) = − 50.4%. The LME analysis also revealed a sig-
nificant Block effect, F(4, 115) = 8.564, p < 0.001, indicating significant
reductions in drop frequency across training and into retention (Fig. 1).

Similarly, the frequency of collisions between the ring and the rail
decreased across training. The paired comparison between Block 1 and
Retention showed a reduction in the number of drops, paired t test:
t(23) = 2.740, p = 0.012; Cohen’s d = 0.560; mean percentage change
(Retention vs. Block 1) = − 14.8%. The LME analysis also revealed a
significant Block effect, F(4, 115) = 6.036, p < 0.001, indicating significant
reductions in collision frequency across training and into retention (Fig. 1).

Lastly, the collision duration also decreased significantly across train-
ing. Thepaired comparison betweenBlock 1 andRetention showeda robust
reduction in collisionduration, paired t test: t(23)=3.530,p=0.002;Cohen’s
d = 0.720; mean percentage change (Retention vs. Block 1) =− 47.6%. The
LME analysis revealed a significant Block effect, F(4, 115) = 10.271,
p < 0.001, indicating significant reductions in collision duration across
training and into retention (Fig. 1).

Taken together, these analyses show that participants learned to per-
form the task more efficiently and with fewer errors over training, and that
this performance was retained at the delayed retention test. Translational
path length, trial duration, collision duration, number of collisions, and
number of drops all showed significant improvements from Block 1 to
Retention, with medium-to-large effect sizes and substantial percentage
reductions. In contrast, rotational path length did not show a reliable
decrease, suggesting that participants stabilized end-effector transport while
continuing to explore rotational strategies.

To obtain a measurement of the overall task performance, we applied
principal component analysis (PCA) to the metrics defined above: trans-
lational path length (x1), rotational path length (x2), trial duration (x3),
collision duration (x4), number of collisions (x5), and number of drops (x6).

The PCA-derived performance score increased across the four training
blocks and retention block (Fig. 3). A LME model with random intercepts
for subjects revealed a significant main effect of Block,

Fð4; 115Þ ¼ 16:53; p < 0:001;

indicating reliable improvement across the 1-hour training session.
Subjective workload, assessed by NASA-TLX, decreased consistently

across blocks (Fig. 3c). AnLMEwith random subject intercepts confirmed a
significant main effect of Block,

Fð3; 92Þ ¼ 6:20; p < 0:001;

indicating reduced perceived workload across training.
To assess the relationship between participants' subjective workload

and performance, we calculated Pearson correlations between NASA-TLX
scores and performance scores in training blocks for each subject. One
participant was excluded due to no variance in NASA-TLX responses.
Across the remaining participants (N = 23), the mean within-subject cor-
relation was

�r ¼ �0:504; SD ¼ 0:447:

A one-sample t test against zero showed that the negative correlation was
significant,

tð22Þ ¼ �5:405; p < 0:001;

indicating that lower subjective workload was reliably associated with a
higher performance score. Therefore, the human results support Hypoth-
esis 2.

This negative relationship between subjective workload and perfor-
mance is consistent with cognitive-load accounts of complex skill learning,
in which practice reduces task-irrelevant processing demands and allows
greater cognitive resources to be allocated toward task-relevant control

Table 1 | Summary of statistical tests for training-related
changes across metrics

Metric Paired t Cohen’s d %Change

Translational length t(23) = 2.840, p = 0.009 0.580 − 18.8%

Rotational length t(23) = 1.020, p = 0.320 0.210 + 10.2%

Trial duration t(23) = 3.770, p = 0.001 0.770 − 34.7%

Collision duration t(23) = 3.530, p = 0.002 0.720 − 47.6%

Collisions t(23) = 2.740, p = 0.012 0.560 − 14.8%

Drops t(23) = 4.260, p < 0.001 0.870 − 50.4%

LME block effect (blocks 1–retention)

Translational length F(4, 115) = 5.162, p = 0.001

Rotational length F(4, 115) = 0.706, p = 0.590

Trial duration F(4, 115) = 10.381, p < 0.001

Collision duration F(4, 115) = 10.271, p < 0.001

Collisions F(4, 115) = 6.036, p < 0.001

Drops F(4, 115) = 8.564, p < 0.001

https://doi.org/10.1038/s41539-026-00442-6 Article

npj Science of Learning Article in Press

www.nature.com/npjscilearn


processes33. In the context of teleoperation learning, these results suggest
that participants progressively developedmore stable internal sensorimotor
representations of the robotic interface, thereby reducing cognitive effort
while improving movement efficiency and overall task performance.

LQG studies of performance improve over training
To compare participants’ performance with the LQG controller, we pro-
vided the controller with the centerline of each rail and let it generate
simulated gripper trajectories. Note that this differs from the visual infor-
mation available to human participants, who relied on stereo endoscopic
feedback rather than direct access to the rail centerline. Thus, the LQG
controller should be interpreted as a baseline model for rail-tracking
behavior, rather than as a full perceptual model of teleoperation. As shown
in Fig. 4, the controller qualitatively reproduced several trajectory features
observed in human performance.

For each condition, the LQG controller was initialized with the same
incorrect estimate of the motion scaling ratio gain g. It then completed 12
training trials. Every three trials were averaged into one block, resulting in
four blocks in total.We compared translational path length, rotational path
length, number of drops, and trial duration based on the simulated trajec-
tory. After the controller had adapted to either g=0.6 or g=0.2, it was tested
on a transfer trial with g=0.4 tomirror the human experiment. As shown in
Fig. 5, the controller was able to improve over training, similar to humans.

Humanstudiesof retentionand transfer acrosscomplexity levels
and ratios
To examine how task complexity and motion scaling ratio influenced the
generalization of learning, we modeled retention and transfer PCA

composite scores using LME models. These analyses evaluated whether
post-training performance improvements depended more strongly on
complexity imposed by rail geometry or on the trainedmotion scaling ratio.
Because the number of participants per condition was modest (n = 4), we
also reported effect sizes and confidence intervals in addition to statistical
significance.

As shown in Fig. 6, performance normalized by pre-training perfor-
mance differed across complexity levels in both retention and transfer,
suggesting that rail geometry imposes persistent constraints on perfor-
mance. Similar complexity-dependent performance patterns were also
observed in absolute performance metrics without normalization (Fig. 7).

For absolute transfer performance, all human participants were tested
at the intermediatemotion scaling ratio of 1:0.4 (Fig. 7). The LME revealed a
significant main effect of complexity level,

Fð2; 18Þ ¼ 3:858; p ¼ 0:040; η2partial ¼ 0:300; f ¼ 0:655;

indicating a large effect size despite the modest sample size.
Mean transfer improvements averaged across scaling ratio are sum-

marized in Table 2. Transfer was strongest at the lowest complexity level,
with Level 1 showing the largest improvement (M= 9.24), followed by Level
2 (M = 7.01) and Level 3 (M = 5.75). The wider confidence intervals for
Levels 1 and 3 suggest greater participant-wise variance.

Similarly for retention, we also observed a significant main effect of
Complexity Level,

Fð2; 18Þ ¼ 5:331; p ¼ 0:015; η2partial ¼ 0:372; f ¼ 0:770:

Fig. 1 | Human performance improves across training. a–fAcross Blocks 1–4, participants showed improved performance, reflected by reduced translational path length,
number of drops, trial duration, number of collisions, and collision duration. Rotational path length did not show a consistent reduction. Shaded regions represent ± SEM.
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which indicates a large effect size.
Retention improvements averaged across scaling ratio are summarized

in Table 3. Retention improvement increasedwith task complexity, with the
largest improvement observed at Level 3 (M = 11.74), followed by Level 2
(M=5.74) andLevel 1 (M=3.32).However, thewider confidence interval at
the highest difficulty level suggests higher participant-wise variance.

In contrast to transfer, the largest retention improvementwas observed
at the highest complexity level. This indicates that more complex training
conditions produced stronger within-condition learning gains, likely
because the increased geometric demands provided greater opportunity for
improvement across practice.However, these gains didnot translate into the
strongest transfer performance, suggesting a dissociation between retaining
performance improvements on the trained condition andgeneralizing those
improvements to a new task condition.

Together, these results donot supportHypothesis 1 as originally stated.
Specifically, we did not observe an inverted U relationship between task
complexity and post-training performance. Instead, transfer performance
showed a generally decreasing pattern with increasing complexity, whereas
retention improvement showed the opposite pattern in humanparticipants.
This dissociation suggests that retention and transfer were influenced dif-
ferently by geometric task complexity. Higher complexity rails may have
provided greater opportunity for within-condition improvement, leading to
stronger retention, but the same complexity may have reduced general-
ization to the transfer condition.However, given the limited sample size, this
result should be interpreted cautiously.

Task complexity explained a considerable proportion of the observed
variance in transfer and retention, with partial effect sizes of η2partial ¼ 0:372
and 0.300, respectively. In contrast, the observed effect of motion scaling
ratio was small, and we did not observe a clear asymmetric transfer pattern

in humans. Thus, the human results do not support Hypothesis 3 as ori-
ginally stated. Specifically, transfer performance did not show a strong
directional dependence on the trained motion scaling ratio. This suggests
participants were able to partially compensate formoderate scaling changes
through visual feedback and sensorimotor adaptation.

Combined with the LQG simulations shown in Fig. 8, these findings
suggest that motion scaling ratio primarily affected movement efficiency,
such as path length and trial duration, rather than task-success measures
such as drops andcollisions. In contrast, geometric task complexity imposed
by rail geometry was the dominant factor influencing how learning out-
comes were retained and transferred across conditions. However, given the
limited sample size, these findings should be interpreted cautiously.

LQG studies of retention and transfer across complexity levels
and ratios
To investigate how task complexity andmotion scaling affect teleoperation,
we simulated transferperformanceusinganLQGcontrollerwith an internal
mapping estimate gest that differed from the true mapping gtrue. We con-
sidered two mismatch scenarios, underestimation (gest < gtrue) and over-
estimation (gest > gtrue), and askedwhether these conditions produce reliable
differences in transfer when the number of participants was matched in
human and simulation. We also examined the evolution of the LQG feed-
back gain K, the control command u, and the estimated mapping gain gest
over time (see Supplementary 1.2).

As shown in Fig. 8, the controller exhibited performance similar to that
observed in humans (Fig. 7) with mismatch gain. We analyzed simulated
transfer performanceusing LME (Table 4). In theLQGsimulations, transfer
revealed significant differences in both task complexity and motion scaling
ratio. Specifically, translational and rotational path lengths showed

Fig. 2 | Relative changes in translational and rotational path length.Translational
path length, normalized to Block 1, decreased across training blocks and continued
to decrease during retention, indicating more direct and efficient trajectories. In

contrast, rotational path length, also normalized to Block 1, did not show a consistent
reduction, indicating exploration of wrist angles during training. Error bars repre-
sent ± SEM.
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significantmain effects of Complexity and Ratio, and rotational path length
additionally showed a significantComplexity × Ratio interaction, indicating
that the effect of motion scaling depended on rail geometry. In contrast,
contact-related metrics showed a different pattern: collisions and collision
duration both showed significant main effects of Complexity, whereas their
Ratio effects and interactions were not significant, suggesting that contact
dynamics during transfer were largely insensitive to the mapping ratio in
this LQG setting. The number of drops that were not analyzed transferred
trials contained many zeros (i.e., the LQG controller rarely dropped after
training) and the duration of the trials was not analyzed because it is
effectively invariant by the design of LQG.

Together, these results suggest that rail geometry (complexity level)
affects transfer performance by increasing the frequency and magnitude of
corrective actions required to remain aligned with the rail. While the con-
troller can adapt its internal mapping to compensate for motion scaling
mismatch, ratio effects remain detectable in efficiency, particularly in
rotational path length, where the significant interaction suggests geometry-
dependent amplification of reorientation demands. In contrast, contact-

related outcomes appear to be driven primarily by task complexity, con-
sistent with the interpretation that tighter curvature and elevation increase
control effort and amplify the consequences of estimation noise and
execution variability. Overall, the transfer simulations support the
hypothesis that task complexity affects performance through geometric
constraints, whereasmotion scaling ratio effects are observedmost clearly in
efficiency.

The asymmetric convergence mechanism derived in Supplemen-
tary 1.2 provides a possible explanation for whymotion scaling ratio effects
weremore detectable in the LQG simulations than in the human behavioral
results. In the model, underestimation and overestimation of the motion
scaling ratio produce different adaptation rates because the gain adaptation
update scales with the squared control input u2k. Underestimation generates
larger control commands and therefore faster adaptation, whereas over-
estimation produces smaller commands and slower convergence. This
asymmetry producedmeasurable differences in trajectory efficiencymetrics
in the simulations, particularly rotational path length. In contrast, the
human participants did not exhibit a strong asymmetric transfer pattern,

Fig. 3 | a Performance improvement across training. The x axis denotes training blocks in chronological order. The y axis shows mean performance scores (0–100), with
shaded regions representing the standard error of the mean (SEM). b NASA-TLX workload reduced across training. Shaded regions represent SEM.
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suggesting that humans may compensate for scaling mismatches using
additional mechanisms not represented in the simplified LQG controller,
such as rapid sensorimotor adaptation. Thus, the simulations suggest that
asymmetric convergencemay exist as a latent control-theoreticmechanism,
but its behavioral expression in humansmay be partiallymasked by higher-
level compensatory processes.

Discussion
By having humans and an LQG controller perform the same ring-through-
rail task under matched experimental conditions, this study examined how
task complexity and motion scaling ratio influence learning, retention, and
transfer during surgical robot teleoperation. Although the controller is a
simplified, idealized learner, humans and the model converged on several
similar qualitative patterns, suggesting that important components of tele-
operation learning can be captured by a control-theoretic model in which
operators update an internal estimate of the human-robot mapping while
generating feedback commands that trade off accuracy and effort.

First, both humans and the LQG controller showed learning across
training, expressed as more efficient movement execution. In humans,
performance improvedwith training, reflected by shorter translational path
lengths, reduced trial durations, and fewer drops. The model showed a
parallel pattern: as its internal mapping estimate approached the true
motion scaling ratio, trajectories became more direct and required fewer
corrective actions and fewer drops. Together, these results support the
interpretation that teleoperation skill acquisition can be captured by pre-
diction error-driven updates of control policies.

Second, both humans and themodel were sensitive to task complexity.
In both retention and transfer assessments, the effects related to complexity
were more robust than the effects of the scaling ratio, which also suggests
that the task complexity was driven primarily by the constraints imposed by
the geometry of the rails. This pattern is consistent with the idea that
learning is optimized when task complexity generates informative errors
without overwhelming the learner. From a control perspective, higher
complexity increases the frequency and magnitude of corrective actions
required to maintain contact-free tracking, and therefore amplifies the
behavioral consequences of sensorimotor noise and imperfect internal
models. These results highlight that training outcomes depend not only on
robotic interface parameters (e.g., motion scaling), but also on how task
structure affects the control problem faced by the operator.

Third, comparing humans with the LQG controller clarifies what a
simple cognitive-level control model can explain and where it remains
incomplete. The LQG controller provides an interpretable mechanistic
hypothesis for how learning and generalization depend on both task con-
straints and motion scaling. At the same time, the model does not incor-
porate several cognitive factors known to affect real-world skill acquisition,
including strategic exploration, fatigue, attention34. The model should
therefore be viewed as a baseline model of optimal feedback control rather
than a complete description of human learning in surgical settings.Humans
and theLQGcontroller also differed in the information available for control.
Human participants relied on stereo endoscopic visual feedback, whereas
the LQG controller was given the rail centerline as an explicit reference
trajectory. Therefore, the model should be interpreted as an idealized
control-theoretic baseline, not a full perceptual model of teleoperation.
Futurework could incorporate noisy visual rail estimates, depthuncertainty,
occlusion, and feedback delay.

Several limitations of the presentworkmotivate future directions. First,
our participant population consisted of general university students rather
than surgical trainees or surgeons. This choice is appropriate for probing
general motor learning processes, such as error correction, adaptation to
altered motion scaling, and the emergence of stable control policies. How-
ever, surgical training also involves domain-specific expertise, including
procedural knowledge, anticipatory control, and bimanual strategies, which
may alter learning dynamics and skill generalization. Prior work has shown
substantial differences between novice and expert performance in robotic
surgery tasks, including movement efficiency, coordination strategies, and
workload management35. In addition, although we used NASA-TLX to
assess subjective workload, future studies involving surgical trainees or
surgeons may benefit from domain-specific workloadmeasures such as the
Surgery Task Load Index (SURG-TLX), which was developed specifically
for surgical performance assessment36. Future work should therefore test
whether the task complexity-dependent learning patterns and mapping-
related transfer effects generalize to clinically relevant populations and
whether they predict training outcomes relevant to surgical competency.

Second, the task itself focused on unimanual control. Although
implemented on a da Vinci system, participants primarily used a single
gripper to guide the ring along a rail. In contrast, real robotic surgery
requires complex bimanual coordination, including role differentiation
between hands (e.g., traction with the non-dominant hand while

Fig. 4 | Human teleoperationmodel and simulation. aA participant teleoperates a
da Vinci Research Kit (dVRK) robotic system to move a ring along a 3D rail.
Through repeated trials, they update their internal model by acting and observing
the outcomes of their own motor commands, progressively becoming a more
accurate teleoperator. The true plant dynamics fplant describe how the physical
system evolves from state Xk to Xk+1 under input uk, while the internal model fLQG
predicts X̂kþ1 from X̂k , rk, and uk. b Gripper trajectories from early (light blue) and
late (dark blue) trials on Level 1 show that with practice, participants' movements

become more direct and efficient. The smoother paths with reduced overall length
reflect improved sensorimotor calibration and more accurate internal prediction of
system dynamics. c LQG-simulated gripper translational trajectories relative to the
rail centerline across the three rail complexity levels. The model captures char-
acteristic deviations around curved segments: near high curvature, the simulated
controller overshoots due to delayed correction, and in segments with rapid eleva-
tion changes, the trajectory lags behind the reference.
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Fig. 5 | LQG performance improves across training. a–f Across Blocks 1–4, LQG showed reduced translational path length, number of drops, trial duration, number of
collisions, and collision duration. Rotational path length did not show a consistent reduction. Shaded regions indicate ± SEM.

Fig. 6 | Relative retention and transfer improvement in humans. Composite
performancewas computed by applying PCA to six behavioralmetrics (translational
path length, rotational path length, drops, trial duration, collisions, and collision
duration). Relative improvements for the individual metrics are shown in Fig. S4.
The resulting PCA score was used as a single measure of task performance.
a Retention, defined as the change in PCA composite performance score from the

first training block to the retention block. Positive values indicate improved per-
formance relative to initial training (higher values correspond to greater retention).
bTransfer, defined as the change in PCA composite performance score from the pre-
training test to the transfer test. Positive values indicate improved performance
relative to pre-training (higher values correspond to greater transfer). Shaded
regions indicate ± standard deviation (SD) across participants.

https://doi.org/10.1038/s41539-026-00442-6 Article

npj Science of Learning Article in Press

www.nature.com/npjscilearn


manipulating or suturingwith the dominant hand), continuous reallocation
of effort, and interaction with deformable tissue37. A growing body of work
shows that expert surgeons differ from novices not only in single-hand
smoothness, but also in bimanual efficiency and synergy, and that mean-
ingful skill assessment often requires metrics that capture inter-hand
coordination rather than treating the two hands independently38,39. Con-
sistentwith this view, recentworkonbimanualmotor learning suggests that,
comparedwith unimanual tasks, naturalistic bimanual tasksmay relymore
strongly on online feedback control and inter-hand coordination40. Thus,
future studies should therefore extend this paradigm to bimanual tasks that
more directly approximate surgical workflows (e.g., suturing, knot tying,
traction-and-dissection sequences) and quantify bimanual learning using
measures that capture inter-hand coordination and closed-loop control.

Third, ourLQGmodel is a cognitivemodel that intentionally simplifies
human kinematics. While this simplification is useful for isolating how
internal mapping estimates and optimal feedback control can generate
qualitative learning patterns, it does not represent biomechanical con-
straints or capture aspects of joint-level coordination, such as joint redun-
dancy resolution and fine-grained hand and arm dynamics that underlie
real surgical manipulation. A future direction is to integrate control-
theoretic learning with richer kinematic models of the human upper limb
and hand (such as those proposed in refs. 41,42), including both high-
dimensional representations (e.g., 27-DOFhandmodels that capture finger
articulations) and simplified but tractable models (e.g., 7-DOF upper-
extremity models that capture joint dynamics). Additionally, the current
model does not incorporate cognitive-load mechanisms, even though tel-
eoperation performance likely depends not only on optimal feedback
control but also on working-memory demands, attentional allocation, and
movement-related cognitive processing8,33. Incorporating both kinematic
and cognitive-load components could support more realistic predictions of
movement efficiency, coordination strategies, bimanual role allocation, and
workload-dependent adaptation, andwould naturally support comparisons
to emerging approaches in human-robot collaborative bimanual
manipulation43 and autonomous robotic bimanual manipulation44.
Importantly, adopting such models would also require richer data collec-
tion: beyond endpoint trajectories and task-level outcomes (drops and

collisions), future experiments would need richer kinematic measurements
(joint angles, joint velocities, end-effector orientation dynamics, and inter-
limb coupling metrics) to constrain model parameters and evaluate
coordination-level predictions.

Despite these limitations, this study provides evidence that a simple
LQGmodel can serve as a useful baseline for human teleoperation learning.
By linking behavioral improvements to an interpretable internal model
framework, this approach provides descriptive performance metrics and
motivates hypotheses about how task complexity and robotic interface
parameters affect skill acquisition in RAMIS.

Methods
Teleoperation task
The teleoperation task was performed using a da Vinci Research Kit system
(dVRK; Intuitive Surgical, Inc., Sunnyvale, CA)45. Participants interacted
with the system at the surgeon console using joystick handles to control the
movements of patient-side robotic arms in real time. Visual feedback was
provided via a stereo endoscopic camera, delivering 3D depth perception
and visual guidance similar to that of clinical robotic surgery (Fig. 9).

The behavioral task was a ring-through-rail teleoperation task. The
ring-through-rail task is a standard, validated exercise in robot-assisted
surgery included in the Fundamentals of Robotic Surgery (FRS) curriculum
and has been widely used in surgical skills assessment46. During the task,
participants controlled the robotic grippers to grasp a ring and guide it along
a fixed 3D rail while minimizing contact with the rail. This task serves as an
abstraction of surgical scenarios, rather than a realistic simulation of a
specific surgical procedure. This abstraction allowed us to systematically
manipulate geometric features, including curvature, elevation change, and

Fig. 7 | Absolute transfer performance in humans. Behavioral metrics measured at
the transfer block (without normalized by pre-training performance). This figure
shows whether absolute transfer performance differs across conditions (different
from the previous transfer score, which is normalized by pre-training performance).

Only translational path length showed a significant difference between scaling ratios,
whereas rotational path length, drops, trial duration, collisions, and collision
duration did not show reliable scaling ratio effects. Shaded regions indicate ± SD
across participants.

Table 2 | Transfer improvement across complexity levels

Complexity level Mean (M) 95% CI n

Level 1 9.24 [2.79, 15.70] 8

Level 2 7.01 [5.25, 8.77] 8

Level 3 5.75 [1.11, 10.38] 8
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spatial precision, while maintaining experimental control and
reproducibility47. In this study, geometric manipulations were designed to
increase task complexity alongmultiple dimensions simultaneously. Higher
curvature requires more precise and continuous end-effector corrections,
elevation changes introduce an additional spatial degree of freedom that
must be actively controlled, and additional turns increase the number of
rotational transitions that must be anticipated and executed.

To manipulate task complexity, we designed three rails that varied in
geometric complexity:

• Level 1 (circular rail): A circular rail constrained to a single elevation,
with mean curvature �κ ¼ 0:031 and maximum curva-
ture κmax ¼ 0:061.

• Level 2 (two-turn, two-level rail):A railwith twoprimary turns and two
elevation levels (�κ ¼ 0:037, κmax ¼ 0:211).

• Level 3 (three-turn, three-level rail): A rail with three turns and three
elevation levels, which has the highest curvature and complexity
(�κ ¼ 0:060, κmax ¼ 0:409).Here, κ denotes local geometric curvature
estimated from discrete 3D spline samples along the rail.
The dVRK is designed to scale down human movement to achieve

precise and stable control of the patient-side arms. As such, 1:1 motion
scaling (equal magnitudes between hand and robot motion) is not typically
used in clinical practice, because it does not leverage the benefits of robotic
mediation. Therefore, three motion scaling ratios of 1:0.2, 1:0.4, and 1:0.6
(human movement : robot movement) were selected:

• Low ratio (1:0.2): 1 unit of human input produces a 0.2-unit robotic
movement, with high precision and stability. Used in training.

• Intermediate ratio (1:0.4): 1 unit of human input produces a 0.4-unit
robotic movement. Used in pre-training and post-training tests.

• High ratio (1:0.6): 1 unit of human input produces a 0.6-unit robotic
movement; requires finermotor control to achieve the same precision.
Used in training.These ratios allowed us to systematically test the
asymmetric transfer hypothesis, with training at 1:0.2 or 1:0.6 and
transfer tested at 1:0.4.
To test the hypotheses proposed above, we designed a 2 × 3 between-

subjects factorial design with the following factors:

• Motion Scaling Ratio (2 levels): 1:0.2 and 1:0.6.
• Task Complexity (3 levels): circular rail (Level 1), rail with two turns

and two levels (Level 2), and rail with three turns and three levels
(Level 3).Each participant was randomly assigned to one of the six
Ratio × Complexity combinations and trained only on that
combination.

Experimental procedure
The experiment consists of three main phases: pre-training test, training,
and post-training test (which includes skill transfer and retention).

Upon arrival, all participants began with a pre-training test consisting
of three trials. During this baseline assessment, participants controlled the
robotic arm using a fixed motion scaling ratio of 1:0.4 across all three task
complexity levels: the circular rail (Level 1), the two-turn rail (Level 2), and
the three-turn rail (Level 3).

Participants were then randomly assigned to one of the six training
conditions, each defined by a fixed complexity level and a fixed motion
scaling ratio (e.g., Level 1: circular rail at a ratio of 1: 0.2). The assigned
complexity level and motion scaling ratio remained the same throughout

this phase. Each participant completed 12 training trials, where every three
trials form one block. At the end of each training block, participants com-
pleted the NASA Task Load Index (NASA-TLX) survey to measure and
track changes in perceived task load over the course of the training.

The post-training test was conducted immediately following the
trainingphase andconsistedof twoparts: a transfer task anda retention task.
The transfer task was designed to assess the generalization of skills to
untrained conditions. This test usedamotion scaling ratio of 1: 0.4 (identical
to the pre-training test) and included all three complexity levels. Perfor-
mance in this phasewas compared to the pre-training test results to quantify
the overall improvement attributable to training. To evaluate skill retention,
participants completed three additional trials using the specific complexity
level and motion scaling ratio they were trained on. Performance in these
retention trials was compared to their performance in the training phase to
determine how well the acquired motor skills were retained over time.

Measurements
All user data were recorded in real time and synchronized using robot
operating system, and collected as multidimensional time-series data for
each trial. The kinematic data include motion information from both the
participants and the robotic arm’s tip, which includes 3D position (x, y, z),
rotation (θ, ψ, ϕ), translational velocity, and angular velocity.

Perceived workload was assessed using the NASA-TLX, a multi-
dimensional rating scale designed to measure workload across six dimen-
sions: mental demand, physical demand, temporal demand, performance,
effort, and frustration29.

Data analysis
All analyses and simulations were performed in MATLAB R2024b.

To obtain a data-driven measure of task performance, we applied
principal component analysis (PCA) to the six behavioral metrics: trans-
lational path length (x1), rotational path length (x2), trial duration (x3),
collision duration (x4), number of collisions (x5), and number of drops (x6).
Here, collisions refer specifically to physical contact events between the ring
and the rail during task execution, not robot self-collision parameters.

To control for condition-level variability (e.g., longer rails naturally
inducing longer durations), each metric was first z-scored within its
respective complexity level andmapping ratio group. Prior to PCA, metrics
for which lower values indicate better performance were sign-aligned (i.e.,
multiplied by − 1) so that larger values consistently corresponded to better
performance. PCA was then performed on the standardized and sign-
aligned data. In our dataset, the first principal component (PC1) accounted
for 55.3% of the total variance (Fig. 10b) and was used to compute the
composite performance score.

PC1 contains the following signed loadings: translational path length
(r = 0.483), rotational path length (r = − 0.439), trial duration (r = 0.488),
number of drops (r = 0.263), number of collisions (r = 0.242), and collision
duration (r = 0.457).

To construct a composite performance score, we normalized the
loadings to obtain a non-negative contribution of each metric:

wj ¼
jv1jjPp
k¼1 jv1kj

;

where v1j is the loading of metric j on PC1 and p is the number of selected
metrics. As shown in Fig. 10c, the resulting weights were: translational path
length (w = 0.204), rotational path length (w = 0.185), trial duration
(w = 0.206), drops (w = 0.111), collisions (w = 0.102), and collision dura-
tion (w = 0.193).

Eachmetricwas then rescaled into the [0, 1] range,with thedirectionof
improvement taken into account. For metrics where lower is better
(translational path length, trial duration, drops, and collision-related

Table 3 | Retention improvement across difficulty levels

Complexity level Mean (M) 95% CI n

Level 1 3.32 [0.52, 6.12] 8

Level 2 5.74 [2.34, 9.13] 8

Level 3 11.74 [3.82, 19.66] 8
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metrics), we defined

dij ¼ 1� xij
xmax
j

;

and for metrics where higher is better (rotational path length), we define

dij ¼
xij
xmax
j

;

where xmax
j is the maximum observed value of metric j.

Finally, the composite performance score for each trial was computed
as:

Scorei ¼ 100
Xp
j¼1

wj dij; 0≤ Scorei ≤ 100:

This yields a normalized, PCA-derived measure in which higher values
reflect better overall task performance, and theweightswj correspond to the
multivariate structure captured by PC1. For example, a composite score of
73 indicates that, averaged across all weighted metrics, the participant
performed at the 73rd percentile of the observed performance range, with 0
representing the worst and 100 representing the best performance observed
in this dataset.

To evaluate learning, for each of the behavioral metric and the per-
formance score,we comparedBlock1 and theRetentionblockusingpaired t
tests and computed Cohen’s d and percentage change. To assess block-wise
improvement over the entire training session (four training blocks and
retention), we fit LME models with Block as a fixed effect and random
intercepts for participants:

Metric � Block þ ð1jSubjectÞ:

To evaluate retention, we defined it as the relative change between
performance in the Retention block and Block 1:

Rate of improvement ¼ Retention� Training Block1
Training Block1

To evaluate transfer, we defined it as the relative change between
performance in the Transfer block and the pre-training baseline:

Rate of transfer ¼ Transfer� Pre� training
Pre� training

Fig. 8 |Absolute transfer performance simulated by LQG. Simulatedmetrics at the
transfer block for two training ratios (g = 0.2 vs 0.6) across three rail complexity
levels. Shaded regions indicate ± SD across four simulated subjects per condition

(matching the human sample size). Consistent with the human results, rail geometry
induces changes in trajectory-based outcomes, whereas the scaling ratio effect
is weak.

Table 4 | Linear mixed-effects model (LME) tests on LQG
transfer performance

Metric Effect Test statistic

Translational path length Level F(2, 18) = 132880.000, p < 0.001

Ratio F(1, 18) = 14.424, p = 0.001

Level × Ratio F(2, 18) = 0.879, p = 0.432

Rotational path length Level F(2, 18) = 79552.000, p < 0.001

Ratio F(1, 18) = 35.519, p < 0.001

Level × Ratio F(2, 18) = 9.429, p = 0.002

Collision duration Level F(2, 18) = 43.220, p < 0.001

Ratio F(1, 18) = 0.117, p = 0.736

Level × Ratio F(2, 18) = 0.352, p = 0.708

Collisions Level F(2, 18) = 23.190, p < 0.001

Ratio F(1, 18) = 1.167, p = 0.294

Level × Ratio F(2, 18) = 2.389, p = 0.120
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We then modeled these rates using LMEmodels with complexity and
ratio as fixed effects and random intercepts for participants:

Rate � Ratio ×Complexity þ ð1jSubjectÞ:

Similarly, for the LQG-simulated transfer metric, we fit the same LME
models:

Metric � Ratio ×Complexity þ ð1jSubjectÞ:

Additionally, we conducted a Pearson’s correlation to examine the
relationship between the NASA-TLX and the training performance score.

Optimal-control model of human teleoperation
Beyond the composite performance score as an outcome measure, we also
want to understand human control by analyzing the gripper’s movement
throughout each trial. We begin by mathematically defining the human’s
internal model of human-robot interaction, followed by the dynamics of
learning. Our goal is to describe how performance evolves throughout the
one-hour training.

As shown in Fig. 11, we model the teleoperation behavior of the par-
ticipant as an optimal LQG controller acting on a rail-centric discrete-time
plant. Each trial simulates the interaction between a true physical plant,
parameterized by the actual teleoperation motion scaling gain gtrue, and the
human’s internal model, parameterized by an internal estimate gest, which
may differ from gtrue.

The system state is defined as X ¼ ½x; y; z; θ;ψ; ϕ; _x; _y; _z; _θ;
? _ψ; _ϕ� 2 R12, where x, y, z denote the operator’s hand positions, and θ,ψ, ϕ

denote the rotation, followed by their corresponding first-order derivatives
(velocities). The control input uk ¼ ½a>t;k; a>r;k�

> 2 R6 contains transla-
tional and rotational accelerations on velocities commanded by the opera-
tor, and yk is the measurement.

The true system dynamics are approximated by a discrete-time linear
time-invariant (LTI) model

Xkþ1 ¼ AXk þ B ðgtrueukÞ þ wk; ð1Þ

yk ¼ C Xk þ vk; ð2Þ

where gtrue is the true teleoperationmotion scaling ratio implementedby the
robot. wk and vk represent process disturbance and measurement noise,
respectively. Both noise terms are modeled as independent, identically
distributed zero-meanGaussian randomvariableswith covariancematrices
W and V:

wk �i:i:d:N ð0;WÞ; vk �i:i:d:N ð0;VÞ ð3Þ

By defining zero-order hold on control inputs and a full state mea-
surement, the state space realization is given by

A ¼ I6 × 6 dt I6 × 6
06 × 6 I6 × 6

� �
2 R12 × 12; B ¼ 06 × 6

dt I6 × 6

� �
2 R12 × 6; C ¼ I12 × 12

ð4Þ
The matrix A describes discrete-time integration of translational and

rotational velocities into positions with time step dt. The matrix B indicates

Fig. 9 | Experimental setup and procedure for surgical robot teleoperation. a dVRK robotic system used for surgical teleoperation. b Ring-through-rail apparatus with
three different complexity levels. c Experimental procedure.
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that the control inputs act as accelerations on the corresponding velocity
states, scaled by the true teleoperation motion scaling ratio gtrue over each
time step. Since our constructed rail-frame state xt is directly observable, we
take C = I.

The human teleoperator is modeled as an infinite-horizonH2-optimal
controller48 with an internal estimate gest of the motion scaling ratio. The
internal designmodel mirrors the plant structure, but replaces gtrue with the
internal estimate gest.

Because the true system state is observed throughnoisymeasurements,
the human’s internal state estimate X̂k is updated via a Kalman filter. The
estimator dynamics are given by

X̂kþ1 ¼ AX̂k þ BðgestukÞ þ Lðykþ1 � CðAX̂k þ BðgestukÞÞÞ: ð5Þ

where L denotes the steady-state Kalman gain and is given by:

L ¼ PC>ðCPC> þ VÞ�1
; ð6Þ

where P is the solution to the discrete-time algebraic Riccati equation
(DARE):

P ¼ APA> � APC>ðCPC> þ VÞ�1
CPA> þW: ð7Þ

The optimal-control law is:

uk ¼ �K X̂k � rk
� �

; ð8Þ

where rkdenotes the reference state at time step k, andK is the optimal state-
feedback gain given by

K ¼ ðB>SBþ RÞ�1
B>SA; ð9Þ

where S is the solution to the DARE

S ¼ A>SA� A>SBðB>SBþ RÞ�1
B>SAþ Q: ð10Þ

The control objective is to track a rail-aligned reference trajectory rk at each
time step k and minimize the deviation from reference ek≜X̂k � rk. In the
current implementation, this reference trajectory was generated from the
known rail centerline, which provides an idealized task reference for the
controller rather than a camera-based perceptual estimate available to

human participants. Here rk ¼ ½prefk
>
; vrefk

>
;ψref

k
>
;ωref

k
>�> 2 R12, where

prefk and vrefk denote the translational reference position and velocity along
the rail, andψref

k andωref
k denote the corresponding rotational reference and

angular velocity.
The human operator is modeled as an H2-optimal controller that

minimizes an infinite-horizon quadratic cost on state tracking error and
control effort.

J ¼ E
X1
k¼0

e>k Qek þ u>k Ruk
� �

; ð11Þ

whereQ =Q⊤≥0 andR =R⊤ > 0 are the weightingmatrices of state tracking
errors and control effort, respectively.

To compare the model with human teleoperators, we simulated the
LQG controller acting on the same rails with adaptable gest, under the same
motion scaling ratios, and with the same experimental procedure as in the
human experiment. For each Complexity × Ratio condition, the controller
was initialized with an incorrect motion scaling ratio estimate gest and
executed 12 training trials, grouped into four blocks, followed by a transfer
trial with a different motion scaling ratio (e.g., 1:0.4). For each simulated
trial, we extracted the same trajectory metrics as in the human data
(translational path length, rotational path length, trial duration, drops,
collisions, collisions duration). These simulations were compared qualita-
tively with human data to see whether a simple control-theoretic model
reproduces patterns of human teleoperation learning, including
complexity-dependent performance costs and asymmetric transfer across
mapping ratios.

To further verify that the LQG model can be adjusted through inter-
pretable parameters rather than arbitrary trajectory fitting, we performed a
sensitivity analysis of non-gain LQG parameters, including the tracking-
effort ratio, observation and process uncertainty, command limits, and
feedforward contribution (Supplementary 1.3). The analysis showed that
the tracking-effort ratio Q/R produced the largest trajectory changes, while
the command limit primarily modulated control effort, supporting the
interpretation that different behavioral regimes can be generated by struc-
tured changes in accuracy, effort, uncertainty, andmovement-conservatism
parameters.

Model comparison
To evaluate whether the LQG controller provides advantages over simpler
controller, we compared the LQG against two classical controllers: a PD

Fig. 10 | Principal component analysis (PCA) of trial-wise behavioral metrics.
a Pairwise correlationmatrix (Pearson r) across all six behavioral metrics, computed
over all trials. b Scree plot showing the percentage of variance explained by the first

six principal components. c Bar plots showing the relative contribution of each
behavioral metric to each principal component.
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controller and a first-order controller. These additional models were
implemented using the same rail geometry. However, unlike the LQG
controller, the simpler controllers did not include latent state estimation,
internal uncertainty representations, or optimal feedback control under
noisy observations.

For comparison, human trajectories were transformed into a rail-
centered coordinate frame before computing deviationmetrics. The left and
right gripper positions measured as Cartesian position signals were read,
and the active hand at each time point was identified using the gripper
signals.When one hand was active, the corresponding gripper position was
used as the ring-center trajectory. The resulting hand trajectory was then
aligned to the rail centerline using an iterative closest-point procedure. At

each iteration, trajectory samples were matched to their nearest points on
the spline-fitted rail centerline, and a rigid Kabsch transform was estimated
and applied. This procedure used rotation and translation only, without
scaling, so that subsequent distance-based metrics remained in physical
units. Translational deviation was computed as the Euclidean distance
between the aligned ring-center trajectory and the nearest point on the rail
centerline at each normalized time point. Rotational deviation was com-
puted using tangent-based trajectory orientation relative to the local rail
tangent.

Figure 12 shows the resulting trajectory-level comparisons across the
human data, the LQG controller, the PD controller, and the first-order
controller. The first row shows the aligned 3D trajectories relative to the rail

Fig. 11 | Optimal-control model of human teleoperation. The human operator is modeled as an LQG controller with state estimation via a Kalman filter and optimal
feedback control for reference tracking under measurement noise and model uncertainty.

Fig. 12 | Comparison between human teleoperation trajectory and controller
model trajectories in the level 1 circular rail-tracking task.Columns correspond to
the human trajectory, the LQG controller, the PD controller, and the first-order
controller. Top row: 3D translational trajectories relative to the rail centerline.
Middle row: translational deviation from the rail across normalizedmovement time.
Bottom row: tangent-based rotational deviation relative to the local rail direction.

Although the simpler PD and first-order controllers produced smoother geometric
rail-following behavior, the LQG controller qualitatively reproduced several char-
acteristic features observed in the human trajectories, including curvature-
dependent deviations, overshoot, and changing rotational corrections near high-
curvature regions.
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centerline. The second row shows translational deviation from the rail
centerline across normalizedmovement time. The third row shows tangent-
based rotational deviation relative to the local rail direction. The simulation
parameters are summarized in Table 5.

To provide a quantitative comparison, we computed lagged cross-
correlations and cumulative mismatch values for translational and rota-
tional deviations relative to the human trajectories. Cumulative mismatch
was computed as the integrated absolute difference between the model and
human deviation profiles across normalized time.

To account for potential timing differences in corrective movements,
we computed the maximum lagged cross-correlation between the human
and model deviation profiles within a bounded window of ± 0.50, corre-
sponding to atmost half of thenormalized trial duration (Table 6). Thus, the
analysis allowed moderate temporal shifts in corrective behavior. We
additionally computed cumulative mismatch as the integrated absolute
deviation between the model and human trajectories across normalized
movement time. The reported correlations therefore correspond to the
maximum lagged correlation values within the bounded window, whereas
the mismatch values reflect cumulative trajectory differences over the full
movement trajectory.

The LQG controller showed the strongest similarity to human trans-
lational correction dynamics, with a high maximum lagged translational
correlation (r = 0.8958), exceeding both the PD controller (r = 0.4171) and
the first-order controller (r = 0.6770). This suggests that, when allowing for
timing differences in corrective movements, the LQG controller captured a
temporal structure of translational deviation that was more similar to
human teleoperation behavior than the simpler baseline controllers.

Although the PD and first-order controllers achieved lower cumulative
translational mismatch, these simpler models primarily behaved as smooth
geometric rail followers. In contrast, the LQG controller produced multi-
phase corrective behavior, curvature-dependent deviations, transient
overshoot, and changes in rotational correction near high-curvature seg-
ments of the rail.

Thus, the primary advantage of the LQG controller is not that it
minimizes cumulative trajectory error under every metric, but that it pro-
vides a mechanistically richer account of teleoperation as feedback control
under uncertainty. Specifically, the LQG framework incorporates state
estimation, sensory noise, and adaptive correction dynamics, whereas the
simpler rail-tracking baselines lack these mechanisms and therefore fail to
capture several qualitative characteristics of human movement observed in
the task.

Participants
This study was approved by the Institutional Review Board at the Georgia
Institute of Technology (IRB number: IRB2025-410). All participants pro-
vided informed consent prior to participation. Based on a power analysis for
an expected medium-to-large effect size26, we recruited 24 participants (10
female) from the Georgia Institute of Technology student population
through the SONA recruitment system. The participants included 11
undergraduate and 13 postgraduate students (Master’s and PhD). Their age
ranged from 18 to 30 years (mean age = 22.2 years, SD = 4.7 years) and
reported normal or corrected-to-normal vision before participation.

Data availability
The data that support the findings of this study are publicly available on the
Open Science Framework (https://osf.io/acuyr/).

Code availability
Custom MATLAB code used for analyses is publicly available on Open
Science Framework (https://osf.io/acuyr/).
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