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Abstract: Human movement resolves kinematic redundancy by organizing high-dimensional
joint activity into low-dimensional coordination patterns, or synergies, which are plastic and
can be reshaped for rehabilitation and skill training. While explicit error correction can reduce
task errors, it may also induce slacking, limiting genuine learning. Indirect Shaping Control
(ISC) was proposed to induce movement pattern change implicitly, without explicit reference
trajectories. In a previous experiment, 20 participants performed reaching tasks while a robotic
system applied a hand force that varied with the arm’s swivel angle, creating an energetic
bias that altered their movement patterns. Although this setup induced adaptation under ISC,
the underlying motor-cost mechanisms remained unquantified. In this work, we retrospectively
analyzed the same dataset using a rigid-body inverse-dynamics model to estimate motor cost
associated with swivel-angle change. Motor cost was quantified using the Torque-Time Integral
(TTI) and decomposed into natural and robot-induced components, linking cost variation
to swivel angle and hand velocity. This study provides a quantitative description of implicit
adaptation and insights for designing effective implicit interventions.
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1. INTRODUCTION

Human movement is intrinsically redundant: the muscu-
loskeletal system has more degrees of freedom (DOFs)
than necessary to execute most tasks. To resolve this
redundancy, the central nervous system (CNS) organizes
motor output into low-dimensional coordination patterns,
or synergies (McMorland et al., 2015). Importantly, these
synergies are plastic and reorganize under novel dynamics,
suggesting that movement patterns can be reshaped. For
instance, pathological synergies in stroke may represent
local minima in a damaged motor cost landscape; altering
this landscape could drive the CNS to re-optimize toward
functionally superior patterns (Levin et al., 2009).

Motor adaptation is commonly modeled as a trade-off
between task performance (error minimization) and phys-
iological effort (cost minimization) (Todorov and Jordan,
2002; Emken et al., 2007). Although explicit error correc-
tion can reduce movement errors, it may also induce slack-
ing and thereby limit genuine learning (Reinkensmeyer
et al., 2009). To leverage CNS plasticity while avoiding
slacking, we developed Indirect Shaping Control (ISC), a
robotic paradigm that implicitly reshapes movement by
acting on the effort component (“motor cost”) without
explicit error correction (Fong et al., 2019; Xu et al.,
2021). Here, “motor cost” refers to the aggregate physical
burden required to execute a movement. This cost can
be described across multiple dynamic levels, including
metabolic energy expenditure, mechanical work or joint
torque changes (mechanical dynamics), and neural effort
associated with muscle activation (neurological dynamics).

In (Xu et al., 2021), 20 participants performed reaching
tasks without reference trajectories, while a viscous force
field at the hand varied with the arm’s swivel angle—the
rotation of the elbow around the line from shoulder to
hand, which does not affect hand position. This setup cre-
ated an energy landscape that favored certain movement
solutions, and participants adapted their motor output in
response to ISC. Although adaptation was observed, the
underlying motor-cost mechanisms were not quantitatively
modeled, leaving open questions about how natural and
induced costs jointly shape behavior.

Understanding these mechanisms requires a quantitative
framework for motor costs. Although humans clearly op-
timize movement, the specific physiological cost function
guiding adaptation remains unclear. Kinematic models,
such as minimum jerk, predict smooth trajectories but
neglect energetic demands (Flash and Hogan, 1985). Dy-
namic models account for mechanical costs such as joint
torque changes or work (Uno et al., 1989; Kang et al.,
2005), whereas neurological models incorporate signal-
dependent noise to explain movement precision (Todorov
and Jordan, 2002). Together, these frameworks indicate
that both energetic and neural factors contribute to mo-
tor planning, motivating experiments that quantify and
manipulate motor costs in interventions such as ISC.

While our previous work (Xu et al., 2021) introduced
the ISC paradigm and illustrated the resulting energetic
gradient using a theoretical cost simulation, that model
relied on a hypothetical grid of speeds and angles and
remained conceptual. It did not quantify the physiological



costs actually incurred by participants. To address this
gap, the current study conducts a retrospective empirical
analysis of the dataset by applying a full 4-DOF spatial
rigid-body inverse dynamics model (three shoulder DOFs
and one elbow DOF) to the recorded kinematic trajecto-
ries, thereby resolving the full 3D kinetics associated with
changes in swivel angle.

Motor cost is quantified using the Torque-Time Integral
(TTI) (Rozand et al., 2015; Russ et al., 2002), which
reflects cumulative metabolic demand and is decomposed
into natural components (inherent limb dynamics) and
artificial components (robotic viscosity). Relating these
cost components to changes in swivel angle and hand
velocity provides a quantitative description of implicit
adaptation and insight into how altering the weighting of
artificial and natural costs can guide motor adaptation.
This study therefore contributes a quantitative decom-
position of motor costs during ISC, identifies behavioral
strategies that minimize total cost, and provides design
insights for implicit interventions aimed at more effectively
reshaping movement patterns.

2. EXPERIMENTAL DATA AND SETUP

This study performs a retrospective energetic analysis on
a dataset previously described in (Xu et al., 2021). The
dataset includes 3D kinematic and kinetic recordings from
20 healthy participants (age 23.9±3.0 years) who provided
informed consent (Ethics ID #1749444).

Participants performed repeated reaching movements while
holding the handle of the EMU rehabilitative manipulan-
dum (Fong et al., 2017), shown in Figure 1. The EMU is an
end-effector robot that allows 3D hand motion; however,
due to its passive wrist joint, it does not apply direct
torque to the elbow or shoulder, leaving the arm’s null-
space configuration, represented by the swivel angle θ,
unconstrained. Arm kinematics were recorded at 20 Hz
using TrakSTAR magnetic sensors at the shoulder, elbow,
and wrist, and θ was computed as the angle between the
arm plane defined by these landmarks and the vertical
plane (Kang et al., 2005), as illustrated in Figure 2(a).

Fig. 1. The experimental setup with the EMU manipu-
landum, the location of the three magnetic sensors,
and the swivel angle representation (θ), where v is an
absolute vertical unit vector.

During the intervention phase, a viscous force field fvis
was applied at the hand to introduce an artificial energetic

(a) (b)

Fig. 2. (a) The swivel angle representation (θ), hand
velocity (ẋ), and corresponding viscous force field
(fvis). (b) The arm model for cost estimation with
four revolute joints and two masses centered on the
two links.

cost. The field was modulated by swivel angle θ and hand
velocity ẋ:

fvis =

{
−bi · bk · (θd − θ) · ẋ , if θd > θ

0 , otherwise,
(1)

where bk is a constant gain, bi scales the gradual introduc-
tion of the field, and θd is the subject-specific target swivel-
angle trajectory. This formulation created an energetic
gradient in which movements with larger swivel angles,
closer to θd, encountered less resistance. In the present
study, the recorded force profiles were used to estimate
the artificial component of motor cost.

Participants completed 200 reaching movements dis-
tributed across five phases: FREE, PRE, INT, POST,
and AFTER. Briefly, PRE and POST were performed
with the robot in transparent mode, INT was performed
with the ISC force field active, and FREE and AFTER
were performed without the robot attached. Full protocol
details are provided in (Xu et al., 2021). Participants
were randomly assigned to one of two intervention groups
(N = 10 per group): Constant-ISC (CG), in which the
shaping goal remained fixed at 10◦, and Progressive-ISC
(PG), in which the shaping goal increased linearly from 0◦

to 10◦ before remaining constant.

For the present analysis, we focused on the steady-state
portion of the intervention, namely trials 101–135 of the
full protocol (INT trials 51–85). In this interval, both
groups were exposed to the same robotic condition, with a
fixed 10◦ shaping offset, allowing direct comparison of the
energetic strategies adopted under Constant and Progres-
sive shaping. This window also excludes the last 15 trials
of the INT phase, during which the force-field intensity
was progressively removed through the scaling factor bi.
The desired swivel angle θd also increased gradually along
the trajectory within each reach, from θd(d = 0) = 0◦ at
movement onset to θd(dmax) = 10◦ at the end of the reach.

All kinematic data were processed offline for cost estima-
tion. Position signals were low-pass filtered, and velocities
and accelerations were obtained by numerical differentia-
tion. For inverse dynamics, the arm was modeled as a two-
link rigid body. Segment lengths were measured for each
participant, and segment masses were estimated from body
mass using standard anthropometric tables (Plagenhoef



et al., 1983). These subject-specific anthropometric and
kinematic parameters were then used in the TTI-based
cost estimation described in Section 3.

3. COST ANALYSIS

3.1 Arm Kinematics Model

To analyze motor cost, the human arm was modeled as
a simplified two-link mechanism with a ball joint at the
shoulder (modeled as three orthogonal revolute joints)
and a single revolute joint at the elbow. The two links
represent the upper arm and forearm, with lengths l1 and
l2, and point masses m1 and m2, respectively, as shown in
Figure 2(b). This reduced-order model captures the main
degrees of freedom relevant to reaching and provides a
sufficient basis for inverse dynamics and cost estimation.

The four joint angles are denoted by q1, q2, q3, and
q4, where q1 represents shoulder internal/external rota-
tion, q2 shoulder flexion/extension, q3 shoulder abduc-
tion/adduction, and q4 elbow flexion/extension. The for-
ward kinematics from joint space to task space are:

xhand =− l2c1c2s4 − (l1 + l2c4)(s1s3 + c1s2c3),

yhand =− l2s1c2s4 − (l1 + l2c4)(s1s2c3 − c1s3),

zhand =l2s2s4 − (l1 + l2c4)c2c3,

(2)

where ci = cos(qi) and si = sin(qi).

For a given hand position (xhand, yhand, zhand), infinitely

many joint configurations qn = [q1 q2 q3 q4]
T ∈ R4 satisfy

the forward kinematics, reflecting arm redundancy. This
redundancy can be parameterized by the swivel angle θ:

θ = arcsin (cos q1 cos q3 + sin q1 sin q2 sin q3). (3)

Thus, for a given hand position (xhand, yhand, zhand) and
swivel angle θ, the joint configuration

qn = [q1 q2 q3 q4]
T ∈ R4

is uniquely determined. This constraint allows the mea-
sured task-space trajectories to be mapped into joint space
for torque estimation.

3.2 Arm Dynamics Model and Cost Estimation

Motor cost, representing energy expenditure, was esti-
mated using the Torque-Time Integral (TTI) (Russ et al.,
2002). TTI was chosen because it captures the isometric
metabolic cost of counteracting the viscous force field
over time. As subject-specific muscle physiology data were
unavailable, equal contribution from all joints was assumed
to provide a generalized measure of aggregate effort. TTI
was used here as a generalized proxy of cumulative load
rather than a complete physiological estimate, especially
in this velocity-variable task. The analysis separates cost
into two components: the natural cost, arising from the
limb’s inherent dynamics, and the artificial cost, induced
by the robotic force field.

First, the natural cost (Ln) represents the baseline effort
required to move the arm against inertia and gravity. The
natural torque vector, τnatural(t), is computed using the
standard rigid-body equations of motion:

τnatural(t) = M(q)q̈+C(q, q̇)q̇+G(q), (4)

where q, q̇, q̈ ∈ R4 are the joint position, velocity,
and acceleration vectors; M(q) is the inertia matrix;

C(q, q̇)q̇ represents the Coriolis and centrifugal terms;
and G(q) is the gravitational torque vector. The natu-
ral cost was computed as the time integral of the ab-
solute torque magnitudes across the four joints: Ln =∫ T

0

∑4
j=1

∣∣∣τ (j)
natural(t)

∣∣∣ dt. Because the experimental data

are discrete, the integral is approximated by summing
the absolute torque magnitudes at each time step and
multiplying by the sampling interval (∆t = 0.05 s).

Second, the robot imposes an artificial load. The torque
vector generated by this external force field is:

τ artificial(t) = JT
H(t) · fvis(t), (5)

where JH(t) is the Jacobian at the hand and fvis(t) is the
viscous force applied by the robot. The artificial cost La

was computed as La =
∫ T

0

∑4
j=1 |τ

(j)
artificial(t)|dt.

Finally, the total cost (Lt) during the intervention phase
includes both the natural limb dynamics and the artificial
force field. To capture the net effort, the torque vectors
are summed before their magnitudes are computed:

Lt =

∫ T

0

4∑
j=1

∣∣∣τ (j)
natural(t) + τ

(j)
artificial(t)

∣∣∣ dt. (6)

4. OUTCOME METRICS AND REPRESENTATIVE
SUBJECT SELECTION

To support the cost analysis, the 20 participants were ret-
rospectively categorized according to their behavioral out-
comes, measured by swivel angle adaptation in (Xu et al.,
2021). Normality of the adaptation metric, ∆θ(dmax),
was assessed using the Shapiro–Wilk test, and within-
group comparisons (PRE vs. INT) were evaluated using
Wilcoxon signed-rank tests with a significance threshold
of p < 0.05. Based on these results, participants were
classified into three categories, as shown in Figure 3: CG-
NS (non-significant, N = 1), the single participant in
the CG group who did not show significant adaptation;
CG-S (significant, N = 9), participants in the CG group
who showed significant adaptation; and PG-S (significant,
N = 10), participants in the PG group, all of whom showed
significant adaptation.

To quantify the energetic effect of the robotic intervention,
we evaluated the relative cost variation between the trials
with the lowest and highest average swivel angle changes,
∆θ̄min and ∆θ̄max. Two metrics were defined: the total cost
variation (ϕt) and the artificial component contribution
(ϕa). Both were normalized by the total cost at the
baseline configuration, Lt(∆θ̄min), to express percentage
changes relative to the subject’s initial load. The total cost
variation is

ϕt =
(
Lt(∆θ̄max)− Lt(∆θ̄min)

)
/Lt(∆θ̄min)× 100%, (7)

and the artificial contribution is

ϕa =
(
La(∆θ̄max)− La(∆θ̄min)

)
/Lt(∆θ̄min)× 100%. (8)

Because both metrics are normalized by the same baseline,
the total cost variation can be approximated as ϕt ≈ ϕa+
ϕn, allowing separation of the adaptation associated with
the robotic intervention from that associated with natural
biomechanical constraints.

To illustrate continuous cost trends, one representative
subject was selected from each group (CG-NS, CG-S, and
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Fig. 3. The box plot shows individual intervention outcomes (∆θ(dmax)) in the comparative stage of INT phase
(iterations 101 to 135) compared with the PRE phase. Subjects 1 to 10 were in the CG group and subjects
11 to 20 were in the PG group. The green, blue, and red boxes correspond to CG-NS, CG-S, and PG-S groups.

PG-S). Because substantial inter-subject variability in an-
thropometrics and baseline dynamics would likely obscure
the relationship between swivel angle change and cost
evolution, averaging energetic cost curves across subjects
was avoided. Instead, the representative subject in each
group was defined as the one whose adaptation magnitude,
∆θ(dmax), was closest to the group mean. This yielded
Subject 1 (CG-NS), Subject 6 (CG-S), and Subject 14
(PG-S). Their anthropometric parameters and adaptation
outcomes are listed in Table 1, and the continuous cost-
trend analysis focuses on these three representative sub-
jects.

Fig. 4. The total (ϕt, blue), artificial (ϕa, green) and
natural (ϕn, red) cost variation across the three ex-
perimental groups.

Table 1. Anthropometric parameters and out-
comes of the representative subjects.

Group Subj. l1 l2 m1 m2 ∆θ(dmax)
(m) (m) (kg) (kg) (◦)

CG-NS 1 0.35 0.33 3.0 2.8 -0.1
CG-S 6 0.36 0.29 3.5 3.2 4.4
PG-S 14 0.37 0.35 5.1 4.6 5.5

5. RESULTS

The relative cost variations for the CG-NS, CG-S, and PG-
S groups are shown in Figure 4. The total cost variation
(ϕt) is decomposed into the artificial force-field contri-
bution (ϕa) and the natural dynamics contribution (ϕn).
Across all three groups, the reduction in artificial cost was
the main driver of the total energy saving. Specifically, ϕa

contributed −34.27% of the total −38.68% for the CG-
NS group, −27.20% of −45.45% for the CG-S group, and
−24.53% of −35.47% for the PG-S group.

The relationship between estimated motor cost and aver-
age swivel angle change (∆θ̄) is shown in Figure 5 (top
row). For all representative subjects, the total cost (Lt,
blue line) shows a steep negative gradient, decreasing
by about 40% across the plotted range as swivel angle
increases. The natural cost (Ln, red line) decreases more
gradually. This indicates that the change in total energy
expenditure was dominated by the artificial cost compo-
nent rather than by the limb’s natural dynamics over the



(a) CG-NS (Subj. 1) (b) CG-S (Subj. 6) (c) PG-S (Subj. 14)

(d) CG-NS (Subj. 1) (e) CG-S (Subj. 6) (f) PG-S (Subj. 14)

Fig. 5. Estimated motor cost for representative subjects as a function of swivel angle change (∆θ̄; top row) and hand
velocity (bottom row). Blue lines indicate Total Cost (Lt) and red lines indicate Natural Cost (Ln).

swivel angle range. Notably, the same negative gradient
is observed for Subject 1 (CG-NS, Figure 5a) and for
the adapting subjects (Figure 5b, c). This indicates that
a similar negative cost gradient was present in the non-
adapting and adapting subjects, despite negligible behav-
ioral change in the former (∆θ(dmax) ≈ −0.1◦) relative to
the latter (Subject 6, CG-S: ∆θ(dmax) = 4.4◦; Subject 14,
PG-S: ∆θ(dmax) = 5.5◦).

The relationship between motor cost and hand velocity
is shown in Figure 5 (bottom row). For all representative
subjects, higher hand velocities were associated with lower
natural and total motor costs, with reductions across the
observed velocity range of approximately 39% and 43%,
respectively. This pattern is consistent with the time-
dependent nature of the TTI, for which higher velocities
reduce the integration time.

6. DISCUSSION

6.1 Motor Cost Drives Motor Adaptation

This study investigated the physiological drivers of motor
adaptation in ISC. Using the TTI to estimate energy
expenditure, we found that the total motor cost, Lt, de-
creased substantially with increasing swivel angle (Fig. 4).
This reduction, corresponding to 30–40% of estimated
total motor cost, provides a strong energetic incentive for
the observed behavioral changes. Extending the theoretical
cost compromise simulated in (Xu et al., 2021), this retro-
spective kinetic decomposition is consistent with synergy
plasticity. By quantifying the proportion of energy savings
attributable to the artificial component, we interpret syn-
ergies as stable solutions to a cost function that can be re-
shaped by external dynamics. Decomposing the total cost
into natural and artificial components showed that adap-
tation was primarily driven by minimization of the robot-

induced load. The artificial component (ϕa) dominated the
total energy saving across all groups, confirming that the
viscous force field created a steep energetic gradient in the
redundant joint space. By penalizing low swivel angles, the
robot made the baseline trajectory metabolically costly.
The observed adaptation is consistent with participants
exploiting a lower-cost region of the altered solution space.
This shift toward a lower-cost region suggests that robotic
interventions can reshape motor costs without explicit er-
ror feedback, in a manner consistent with motor-plasticity
theories (Herzog et al., 2025).

For the single non-adapting participant (CG-NS, N =
1), the result should be interpreted as an individual case
observation. Despite facing the same energetic gradient as
the adapting groups, this participant did not explore it
behaviorally. This suggests that energetic incentives alone
are insufficient for adaptation. Implicit learning depends
on motor variability to explore the solution space (Wu
et al., 2014); if intrinsic variability is too low, or if the
gradient is too shallow relative to sensory noise, the lower-
cost solution may not be discovered. Future interventions
may benefit from facilitating exploration, for example
through dither signals or error augmentation, to guide
participants out of local minima and toward a new synergy.

6.2 Coupling Between Hand Velocity and Motor Cost

The analysis also revealed a coupling between hand veloc-
ity and motor cost. The natural cost (Ln) showed a shallow
decline with increasing swivel angle, contrary to the expec-
tation that lifting the elbow against gravity would increase
effort. However, this should not be interpreted as evidence
that larger swivel angles intrinsically reduce natural effort.
Because TTI accumulates over time, both Ln and Lt are
sensitive to movement duration. The decline in Ln with
increasing swivel angle therefore likely reflects correlated



variation in movement duration and hand velocity within
the analyzed intervention trials, rather than a direct en-
ergetic benefit of swivel angle itself. This interpretation is
consistent with Fig. 5, where higher hand velocities were
associated with lower natural and total motor costs.

This within-condition trend does not imply that partici-
pants moved faster overall during adaptation. When com-
paring phases, participants reduced their average speed
by 16–20% during the intervention relative to PRE (Xu
et al., 2021). If the CNS were minimizing only total
metabolic cost, movements should have become faster.
Instead, the observed slowing suggests the influence of
additional constraints, such as limiting peak force or main-
taining stability. This trade-off is consistent with the vis-
cous nature of ISC (fvis ∝ ẋ): moving faster reduces total
TTI but increases instantaneous resistive force. The CNS
therefore appears to prioritize limiting peak interaction
forces and torque rates over minimizing total TTI. This
interpretation is consistent with the “force-rate” hypoth-
esis (Wong et al., 2025) and the “greedy optimization”
framework (Emken et al., 2007).

These findings have practical implications for rehabilita-
tion. If a therapeutic force field is too strong, patients may
compensate by slowing down rather than by reshaping
coordination. Future ISC designs should therefore balance
gradient magnitude against perceptibility. Participants
also rarely reached the full shaping goal of 10◦, typically
plateauing at 4.5–6◦. This partial adaptation may reflect
“motor slacking”: once the resistive force falls below a
perceptible threshold, the incentive for further adaptation
declines, and the motor system settles on a tolerable rather
than optimal solution. This suggests that implicit energy
gradients must remain salient across the full adaptation
range; one possible strategy is nonlinear gain scheduling
for bk to increase the penalty near the plateau.

Although TTI captures load-dependent metabolic cost, it
does not account for muscle co-contraction. The observed
slowing may therefore have been accompanied by increased
joint stiffness, which should be examined in future studies
using EMG. Overall, effective implicit shaping interven-
tions must be strong enough to overcome habitual costs
and prevent motor slacking, yet bounded enough to avoid
compensatory slowing.

7. CONCLUSION

This study provides a quantitative analysis of the motor-
cost mechanisms underlying Indirect Shaping Control
(ISC). Using experimental kinematic data and a 4-DOF
rigid-body model of the upper arm and forearm, we re-
solved the full 3D kinetics associated with swivel-angle
changes and quantified motor cost via the Torque-Time In-
tegral (TTI), decomposed into natural and robot-induced
components. The results show that adaptation was primar-
ily driven by reduction of the artificial viscous load, while
the observed slowing of movement indicates a trade-off
between cumulative energy and instantaneous interaction
force. These findings provide a quantitative interpretation
for designing implicit robotic interventions that reshape
movement patterns without explicit error feedback.
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