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Physics-Guided Learning for Tendon State
Estimation of Cable-Driven Hyper-Redundant Robots
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Abstract—Accurate estimation of joint-side tendon tensions at
every joint is essential for high-performance hybrid control of
cable-driven hyper-redundant robots (CDHRRs), yet direct mea-
surement is typically unavailable. Actuator-side tensions are mea-
surable for all tendons, while joint-side measurements are available
only at the terminal joint. Under this sensing constraint, analyti-
cal transmission models suffer from compounding friction errors,
while data-driven learning becomes ill-posed without intermediate
joint-side measurements. A physics-guided tension estimator, the
Physics-Guided Cable-Hole Transmission Cascade (PG-CHTC), is
proposed for instrumentation-limited CDHRRs to estimate joint-
side tendon tensions along the chain from actuator-side measure-
ments. A shared-parameter strategy is enforced by learning a
positive, element-wise tension-ratio predictor reused at each guide,
regularized by an Euler–Eytelwein capstan prior and corrected
by a strictly causal temporal residual. This multiplicative cascade
improves practical identifiability under terminal-only joint-side
measurements, while inference relies solely on actuator-side sens-
ing. The approach is validated on a 12-module CDHRR, where
open-loop logged-data evaluation at the terminal joint yields a
70.2% reduction in tension RMSE compared to a tuned physical
baseline. Deployment within a closed-loop controller yields settling
time reductions of 44.4% to 50.8% across test protocols, improv-
ing tracking performance previously constrained by transmission
uncertainty.

Index Terms—Tendon/wire mechanism, redundant robots,
model learning for control, deep learning methods, flexible robotics.
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I. INTRODUCTION

CABLE-DRIVEN hyper-redundant robots (CDHRRs) offer
high dexterity, slender form factors, and the ability to

navigate cluttered workspaces for inspection and manipulation
tasks [1], [2]. However, the actuation mechanism, which com-
prises long, densely routed tendons, creates a transmission sys-
tem strongly dependent on configuration and path history. This
configuration-dependent transmission complicates sensing and
control beyond conventional rigid manipulators. For effective
closed-loop regulation, the joint-side tensions, which act directly
at the joints, are the critical quantities determining joint torques
and safety margins against slackness or over-tension. These
values serve as essential inputs for modern hybrid tension and
configuration control strategies, where joint effort arises from
joint-side force differentials and moment arms via the standard
Jacobian mapping [3], [4], [5], [6].

In practice, sensing is typically restricted to the actuator-
side interface. As tendons traverse multiple chamfered guides,
configuration-dependent contact, accumulated friction, and vis-
coelastic hysteresis introduce persistent mismatch between
actuator-side measurements and joint-side quantities [7].
Direction-dependent friction and stick–slip behaviors across
numerous guides further challenge purely analytical models [8],
[9]. This work addresses an instrumentation-limited setting:
actuator-side tensions are measurable for all tendons, but joint-
side tensions are unobserved at intermediate joints and mea-
surable only at the terminal joint. Terminal joint-side mea-
surements provide the sole supervision signal for learning,
while runtime estimation relies on actuator-side sensing alone.
This setting is typical for lightweight or slender manipula-
tors where embedding distributed force sensors is spatially
prohibitive.

Existing transmission models fall into physics-based and
data-driven categories. Physics-based pipelines accumulate cali-
bration errors along the routing path, with residual error scaling
unfavorably in robot length [10], [11]. Black-box learners re-
main ill-posed under terminal-only joint-side supervision, since
infinite internal tension combinations can map to the same
terminal output. Section II details both threads.

To bridge this gap, a physics-guided, weakly supervised
framework is developed in this letter, specifically tailored to
discrete-joint CDHRRs. Identical per-guide predictors, each
regularized by a Capstan-inspired cosine-affine friction prior,
are composed into a multiplicative cascade with parameters
shared across all modules, alleviating the ill-posedness inherent
in terminal-only supervision and enabling robust end-to-end
training from terminal joint-side measurements alone.

This letter makes three contributions:
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Fig. 1. Problem definition and sensing configuration of the instrumentation-

limited CDHRR. The actuator-side tendon triplets {T(j)
1 (t)}Nj=1 and joint

angles {θk(t)}Nk=1 are measurable, while only the terminal joint-side tension

T
(N)
N (t) is available for supervision/evaluation. The objective is to estimate

joint-side tendon tensions at their own joints, {T̂(j)
j (t)}Nj=1.

1) A physics-guided cascaded learning framework for
discrete-joint CDHRRs is proposed. By improving practi-
cal identifiability via shared-parameter, element-wise pos-
itive ratio predictors, the framework learns from terminal-
only joint-side measurements, addressing the inability to
instrument intermediate joints.

2) A physics-regularized training objective is introduced.
Intermediate tension-ratio predictions are regularized with
an Euler–Eytelwein capstan prior in the log domain and a
spatial consistency term, while a causal temporal residual
captures hysteretic effects, improving stability and data
efficiency under terminal-only joint-side measurements.

3) The approach is deployed on a 12-module CDHRR. In
open-loop logged-data evaluation at the terminal joint,
joint-side tension RMSE is reduced by 70.2% relative to
physics-only baselines [5], [12]; single-passage validation
shows lower RMSE and higher R2 than learning-only
baselines [13]. In a closed-loop setting, settling time is
reduced by 44.4%–50.8% relative to the Capstan baseline
estimator [3].

The remainder of this letter is organized as follows. Section II
reviews the existing literature on transmission modeling and
physics-guided learning for cable-driven robots. Section III
details the proposed methodology, mathematically formulating
the PG-CHTC architecture and providing the identifiability
analysis for the shared-parameter cascade. Section IV presents
the experimental validation, encompassing open-loop logged-
data estimation evaluation and ablation studies, followed by
estimator-in-the-loop closed-loop control experiments. Finally,
Section V concludes this letter and outlines directions for future
research.

II. RELATED WORK

Transmission modeling for discrete-joint CDHRRs has pre-
dominantly relied on analytical physics derived from serial
tendon–guide routing. At the guide scale, capstan relations
are employed to map tensions via wrap angles and friction
coefficients. Extensions to this formulation have introduced
bending rigidity and angle-dependent, nonsmooth friction to
account for stick–slip phenomena [8], [12]. These local models

are computationally lightweight and theoretically composable
along the chain. At the global routing scale, statics and dynamics
models offering actuator-to-terminal mappings have been de-
veloped, with recent multi-section variants embedding friction
to reduce estimation bias [5], [10], [11]. Nonetheless, on long
CDHRRs, identification becomes brittle due to the multiplicity
of friction, contact, and routing parameters, alongside unmod-
eled viscoelastic effects. Local mismatches inevitably accumu-
late across guides, causing both identification complexity and
residual error to scale unfavorably with path length [14].

To address the brittleness of analytical parameter identifica-
tion, data-driven methods have been explored for unmodeled
friction and compliance: compact feedforward regressors, re-
current models, hysteresis compensation, vision-based shape
estimation, and attention-based time-series regression [13], [15],
[16], [17], [18]. However, under terminal-only joint-side super-
vision, purely data-driven cascades are underdetermined: multi-
ple latent tension trajectories can yield identical terminal labels,
causing intermediate estimates to collapse without structural
constraints.

Physics-informed neural networks (PINNs) [19], [20] embed
governing equations into the training loss, with robotics ap-
plications spanning continuum-robot Cosserat-rod approxima-
tion [21], friction-inclusive rigid-body inverse dynamics [22],
hybrid residual dynamics [23], [24], and physics-informed
multi-agent reinforcement learning [25]. For tendon-driven sys-
tems, modern friction-compensation models [14], [17], [18] and
capstan and friction generalizations beyond constant-friction
assumptions [8], [12] relax the static capstan assumption. The
framework developed here instead targets cascade identifia-
bility under terminal-only joint-side supervision by injecting
a domain-specific capstan prior as a soft regularizer within a
shared-parameter multi-guide cascade.

III. METHODOLOGY

The core idea is to decompose the ill-posed terminal-only esti-
mation problem into a cascade of identical, physics-regularized
single-passage units. By sharing parameters across all units
and injecting a capstan-based prior, the degrees of freedom are
reduced and practical identifiability is improved.

A. Problem Statement and Preliminaries

A class of discrete-joint, N -module CDHRRs is considered.
Each module possesses two degrees of freedom (DoF) and is
actuated by three tendons. Under a serial pass-through routing
architecture, tendons actuating joint j pass through the co-
located guide disks of all preceding joints k < j. This serial
structure creates a compounding transmission dependency. The
problem is formulated under a specific sensing configuration:
actuator-side tensions are measurable, whereas joint-side ten-
sions remain unobserved except at the terminal joint, where
joint-side measurements are available and used as the sole
supervision signal. Accordingly, the measurable signals are
the actuator-side tendon triplets {T(j)

1 (t)}Nj=1 and joint angles
{θk(t)}Nk=1, equivalentlyq(t), while only the terminal joint-side

tension T
(N)
N (t) is available for supervision and evaluation. The

estimation target is the set of joint-side triplets at their own
joints, {T̂(j)

j (t)}Nj=1. The sensing configuration is summarized
in Fig. 1.
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Let j ∈ {1, . . . , N} index the actuated joint and k index the
guide location. The tendon index within each triplet is denoted
by i ∈ {1, 2, 3}. Due to the serial routing, the tendon tension
T

(j)
k (t) ∈ R3 is defined only for the kinematic path 1 ≤ k ≤ j.

The system state comprises these tension triplets and the joint
angles θk(t) ∈ R2. Accordingly, two configuration vectors are
defined to represent the robot geometry: the full configuration
q(t) and the local geometry qk(t) for the adjacent pair (k, k +
1):

q(t) =
[
θ�
1 (t), θ

�
2 (t), . . . , θ

�
N (t)

]� ∈ R2N , (1)

qk(t) =
[
θ�
k (t), θ

�
k+1(t)

]� ∈ R4, k = 1, . . . , N−1. (2)

The transmission modeling task is formulated as a causal,
weakly supervised temporal regression. Given the causal history
of observable inputs X(t) = [T

(1)
1 (t), . . . ,T

(N)
1 (t),q(t)] ∈

R5N , a map Ŷ(t) = F(X(0:t)) is sought to estimate the
controller-relevant joint-side tensions at their own joints, defined
asY(t) = [T

(1)
1 (t), T

(2)
2 (t), . . . , T

(N)
N (t)] ∈ R3N . For j = 1,

actuator-side and joint-side tensions coincide because routing
starts at the first joint. For the tendon triplet actuating joint
j, T(j)

1 (t) denotes the actuator-side measurement entering the

routing chain, whereas T(j)
j (t) denotes the joint-side tension at

joint j.

B. Capstan Friction Model

The local geometry maps the adjacent-joint angles qk(t),
defined in (2), to a wrap/contact angle

αk(t) = Geom(qk(t)) , αk(t) ∈ [0, π], (3)

where Geom(·) is the geometry at joint/guide k as in [1]. Here
the indexk is the same joint/guide index defined in Section III-A.

Transmission is modeled across each joint/guide using a
per-tendon Coulomb capstan relation with an angle-dependent
friction law validated by recent analyses and experiments [3],
[12]. For tendon i ∈ {1, 2, 3}, the friction coefficient under wrap
angle α is modeled as

μi(α) = Ai cosα+Bi, (4)

where Ai and Bi are per-tendon friction-law parameters. The
capstan exponent at guide k for tendon i is then

φk,i(t) = μi(αk(t)) αk(t). (5)

Here φk,i is the product of the friction coefficient and the wrap
angle; it determines the exponential tension attenuation in (6).
Then the capstan update for the triplet that actuates joint j is
written componentwise for each tendon i as

T
(j)
k+1,i(t)= exp(−βk(t)σk,i(t)φk,i(t)) T

(j)
k,i (t), i=1, 2, 3.

(6)

Contact and nonsmooth states:βk(t) ∈ {0, 1} indicates tendon–
guide contact at joint/guide k, and σk,i(t) ∈ {−1, 0,+1} en-
codes reverse slip / stick / forward slip for tendon i. The
standard capstan hysteresis and stick bounds as formulated for
cable–hole friction in [12] are followed. This analytical model
serves two roles in the proposed framework: as a physics prior
for regularizing the learned transmission ratios (Section III-C),
and as an experimental baseline for quantifying improvement
(Section IV).

TABLE I
SINGLE-PASSAGE TEST (AVERAGED OVER TENDONS). CAPSTAN BASELINES

ARE CALIBRATED ON THE TRAINING/VALIDATION SPLIT BY CONSTRAINED

NONLINEAR LEAST-SQUARES UNDER μi ≥ 0; HELD-OUT TEST TRAJECTORIES

ARE NOT USED. NEGATIVE R2 VALUES INDICATE THAT CALIBRATED STATIC

CAPSTAN VARIANTS REMAIN STRUCTURALLY INSUFFICIENT UNDER

HYSTERESIS-DOMINATED TRANSMISSION.

C. Physics-Guided Cable-Hole Transmission Model

The PG-CHTM constitutes the atomic building block of
the cascade. As illustrated in the detailed inset of Fig. 2, the
unit comprises preprocessing, prediction, and output processing
modules. Physics is explicitly injected at two stages: at the
input via geometric conditioning, and in the loss via a parallel
regularization branch.

1) Input Feature Construction: Raw sensory and kinematic
streams are first buffered to maintain a sliding history window of
length h. Within the Preprocessing block, these signals undergo
filtering and channel-wise normalization. For an actuating ten-
don triplet j at guide k, the normalized feature vector X̃(j)

k (t)
is constructed by augmenting the upstream tension with the
trigonometric encoding of the local geometry qk(t), defined
in (2), and the wrap angle:

X̃
(j)
k (t) =

[
sin(qk(t))

�, cosαk(t), T̃
(j)�
k (t)

]�
. (7)

Here, sin(·) denotes element-wise operation. The wrap angle is
encoded as cosαk because the capstan exponent μα is approx-
imately linear in α for small angles; cosα provides a bounded,
smooth representation without discontinuities at α = 0.

2) Hybrid Ratio Prediction: The Prediction module maps
the feature history to a positive tension ratio. It integrates a
static MLP backbone fθ with a strictly causal Transformer-based
Temporal Residual gφ. Let r̂MLP and rTR denote their respective
outputs. The data-driven ratio is synthesized via multiplicative
composition:

r̂
data,(j)
k,i (t) =

(
1 + r

TR,(j)
k,i (t)

)
r̂

MLP,(j)
k,i (t). (8)

Strict positivity is ensured by parameterizing r̂MLP = softplus
(·) + ε with ε = 0.01, and bounding rTR ∈ (−0.5, 0.5) via a
scaled tanh output. Multiplicative composition aligns with the
exponential capstan decay Tout ∝ Tin e

−μα and preserves the
zero-tension boundary.

A strictly causal Transformer is adopted for gφ. Masked atten-
tion provides stable gradients across the multiplicative cascade
where LSTM gradients would vanish exponentially, is compu-
tationally efficient on the short window h ≤ 20, and naturally
focuses on reversal-adjacent frames to capture hysteresis.

In parallel, the Capstan Prior block derives a physics-based
reference ratio r̂phys

k (t) by evaluating the analytical friction law
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Fig. 2. PG-CHTC (Physics-Guided Cable-Hole Transmission Cascade) architecture. The shared-parameter cascade consists of identical PG-CHTM (Physics-
Guided Cable-Hole Transmission Model) units trained with terminal joint-side supervision. Each unit (detailed inset) processes local geometry and upstream
tension through prediction modules (fθ , gφ) with capstan regularization. Parameters are shared across all stages to improve practical identifiability. Dashed lines
indicate training-only signals.

Fig. 3. Experimental platform and estimator-in-the-loop deployment.
(a) Proximal in-line load cells, joint-angle encoders, and terminal joint-side
load cells for evaluation. (b) The PG-CHTC estimator provides online joint-side
tension estimates to the hybrid controller.

Fig. 4. Representative robot configurations across the four acquisition proto-
cols defined in Section IV-A. “Posterior-n” denotes a step-and-hold protocol
exciting only the distal n modules while all proximal joints remain fixed.

using the friction-law parameters (A,B):

r̂phys
k (t) = exp(−μ(αk(t))αk(t)) . (9)

This contact-agnostic form is used only as a soft regularizer,
while nonsmooth/contact effects are captured by the data-driven
branch. The β/σ states are not enforced to avoid brittle contact-
state estimation, and nonsmoothness is learned by the residual
branch. This reference is routed to the loss computation block
in Fig. 2, top, to serve as a regularization target.

3) Output Processing and Propagation: In the Output Pro-
cessing stage, the estimated ratio scales the upstream tension to
propagate the state to the subsequent guide:

T̂
(j)
k+1,i(t) = r̂

data,(j)
k,i (t) T̂

(j)
k,i (t). (10)

The updated tension T̂
(j)
k+1(t) is then combined with the subse-

quent local geometry qk+1(t) to refresh the causal buffer for the
next unit.

D. Physics-Guided Cable-Hole Transmission Cascade

To address the identifiability constraints inherent in terminal
joint-side supervision, the PG-CHTM units are arranged in a
serial chain over k = 1, . . . , N − 1, as depicted in the main view
of Fig. 2. A joint-level contact gate βk(t) is assumed shared by
the three tendons at each guide. Crucially, the model parameters
Θ = {θ, φ,A,B} are strictly shared across all units.

Assumption (Tribological homogeneity): All guide disks share
similar tendon–guide interface characteristics, so a tied per-
passage ratio law is a reasonable first-order approximation.
Under terminal-only sensing, per-guide homogeneity is not
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directly identifiable; no training signature attributable to sub-
stantial mismatch is observed in the present data. Severe wear or
damage would violate this assumption, motivating the relaxation
discussed in Section V.

Assumption (Quasi-static operation): Transmission is treated
as quasi-static, so the static tension-ratio law is used as a first-
order approximation. Joint angular velocity stays below 9◦ s−1

for 99% of the recorded dataset, consistent with the quasi-static
treatments in [3], [12]. The short-memory residual gφ accounts
for hysteretic departures from this approximation.

Assumption (No-slack operation): Slack handling is not
within the present scope. The low-level puller-follower con-
troller [26] antagonistically maintains non-zero tension, and the
estimator is deployed only within this taut regime; across 7164
closed-loop frames, the minimum tendon tension is 62.45 N
and the fifth percentile is 77.2 N, above the 50 N pretension
threshold. The zero-propagation property of (10) additionally
avoids additive-offset artifacts when measured upstream tension
approaches zero.

End-to-end training is governed by the Loss Computation
block. The multi-objective loss L aggregates signals from all
stages to minimize terminal discrepancy while regularizing la-
tent ratios:

L =
∑
t

[Ldata(t) + λLphys(t) + λs Lsmooth(t)] . (11)

The components are formulated in the logarithmic domain to lin-
earize the multiplicative transmission chain, thereby stabilizing
gradients and framing the loss as a relative error:

Ldata(t) =
∥∥ ln T̂(N)

N (t)− lnT
(N)
N (t)

∥∥2
2
, (12)

Lphys(t) =

N−1∑
k=1

∥∥ ln r̂data,(N)
k (t)− ln r̂

phys,(N)
k (t)

∥∥2
2
, (13)

Lsmooth(t) =

N−2∑
k=1

wk(t)
∥∥ ln r̂data,(N)

k (t)− ln r̂
data,(N)
k+1 (t)

∥∥2
2
.

(14)

Each term serves a distinct physical purpose. The primary data
term, Ldata, anchors the total product of the cascade to the termi-
nal joint-side labels. However, Ldata alone cannot solve the iden-
tifiability problem. The Internal Physics Regularization, Lphys,
acts as a per-guide regularizer, providing a physics-informed
soft regularization target for each unobserved intermediate ratio
to constrain the solution space to physically plausible mani-
folds. Finally, Lsmooth imposes a Spatial Physical Consistency
constraint. The adaptive weight wk(t) is rigorously defined as a
Gaussian kernel:

wk(t) = exp
(− ηw‖αk(t)− αk+1(t)‖2

)
, (15)

where the smoothness sensitivity ηw > 0 governs how sharply
the weight decays with the angular difference between adjacent
guides: a larger ηw confines the smoothness penalty to guide
pairs whose configurations are nearly identical, while a smaller
value extends the penalty to geometrically dissimilar pairs.
The value ηw = 2.0 is selected via the one-at-a-time sensitivity
sweep summarized in Section IV-B, balancing inter-guide regu-
larization strength against flexibility at high-curvature inflection
points.

Algorithm 1: Causal Cascade Forward Pass at Time t.

Identifiability Analysis: Here, ‘practical identifiability’ refers
to the determinacy of the shared ratio law from terminal-only
supervision under diverse geometry excitation, rather than for-
mal structural identifiability of all latent states. The necessity
of parameter sharing is justified by examining the cumulative
transmission in the logarithmic domain:

ln T̂
(N)
N = lnT

(N)
1 +

N−1∑
k=1

ln r̂k(X̃
(N)
k ; Θk), (16)

if each guide employed independent parameters Θk, infinitely
many local ratio combinations could yield the same terminal
sum, rendering intermediate states unobservable. The shared
constraint Θk = Θ reduces degrees of freedom, and practical
identifiability is improved provided that the training data exhibits
sufficient geometric diversity. This does not imply unique recov-
ery of guide-specific friction parameters or contact/slip states;
the learned object is a shared ratio law constrained by terminal
supervision and the capstan prior.

At runtime, the recursive estimation procedure is executed as
summarized in Algorithm 1.

IV. EXPERIMENTS

The proposed framework is evaluated in two phases: open-
loop logged-data estimation evaluation and estimator-in-the-
loop closed-loop control experiments. Section IV-A introduces
the experimental platform, sensing protocol, and dataset con-
struction. Section IV-B reports open-loop estimation perfor-
mance, model selection, and ablations under terminal joint-side
supervision. Section IV-C evaluates the deployed estimator in a
10 Hz closed-loop tracking task.

A. Experimental Setup and Dataset Construction

Validation is performed on the SJTU-Snake III [3], a 12-
module CDHRR platform implementing the kinematics de-
scribed in Section III-A. As shown in Fig. 3(a), joint angles
are measured by 12-bit magnetic rotary encoders, and tendon
tensions by in-line load cells with 500 N range; load cells of the
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Fig. 5. Posterior-6 (distal six modules active) terminal-joint estimation errorsΔT = T̂
(N)
N −T

(N)
N . Ablation variants: w/o Physics Regularizer sets λ = λs = 0;

w/o Temporal Residual removes gφ. Full protocol metrics for all datasets are in Table II.

Fig. 6. Closed-loop tracking at 10 Hz. PG-CHTC is drawn in blue and the Capstan baseline in red; linestyles and markers distinguish θx and θy . Dashed lines
mark the commanded amplitude and rise/settling times on the ±0.5◦ band; aggregated metrics in Table III.

TABLE II
OPEN-LOOP LOGGED-DATA EVALUATION OF CASCADED ESTIMATION (AVERAGED OVER TENDONS). CAPSTAN BASELINES USE THE SAME CALIBRATION

PROTOCOL AS TABLE I.

TABLE III
CLOSED-LOOP CONTROL METRICS. VALUES FROM LOOP 1 (STEP) AND LOOP 2 (RETURN); SETTLING COMPUTED ON THE ±0.5◦ BAND. PAIRS WITH FIG. 6.
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same type are mounted at the terminal joint to provide ground
truth. All sensor streams are synchronized at 10 Hz, filtered, and
normalized. Data splits are partitioned by trajectory to strictly
prevent temporal leakage.

To capture configuration-dependent transmission effects, four
datasets were acquired (Fig. 4):

i) Terminal-module-only: 50000 frames; quasi-static termi-
nal-joint scans to maximize wrap-angle coverage and
induce reversals.

ii) Posterior-3: 5000 frames; step-and-hold on modules 10–
12 with ±3◦/±5◦ amplitudes, proximal joints fixed.

iii) Posterior-6: 3000 frames; extended steps on modules 7–
12 with ±3◦ amplitudes.

iv) Planned paths: 10000 frames; randomized, collision-free
joint-space trajectories with multi-joint motion.

The Terminal-module-only set supports the unit-level analysis
in Table I; Posterior-3/6 with Terminal-module-only subsets
are used for cascade training and evaluation in Section IV-B;
Planned paths and step protocols are used for estimator-in-the-
loop experiments in Section IV-C.

B. Open-Loop Logged-Data Estimation Evaluation and
Ablations

This replay-based assessment is treated as open-loop logged-
data evaluation because estimator outputs do not affect robot
motion. The PG-CHTC cascade is evaluated under the strict
constraint of terminal joint-side supervision. Training utilizes
a mixed subset of the Terminal-module-only, Posterior-3, and
Posterior-6 datasets (23000 frames after downsampling, with a
70/30 train/validation split), while testing is conducted on inde-
pendent Posterior-3, Posterior-6, and Planned-path trajectories.

The PG-CHTM combines a static MLP backbone fθ (hidden
widths 512/512/256, GELU, BatchNorm1d) with a 3-layer
causal Transformer residual gφ (dmodel=128, 4 heads, history
window h = 20). Both stages use AdamW with weight decay
10−4 and cosine learning-rate annealing: fθ is pretrained via the
cascade-end loss against terminal-joint targets (lr 10−5, batch
128, up to 1500 epochs, patience 100), then frozen while gφ
is trained on sequence chunks (lr 10−3, chunk length 1024, up
to 120 epochs, patience 15). Loss weights are set to λ = 1.0
and λs = 0.1. Data-driven baselines (MLP, LSTM, and Trans-
former) are sized to match the ∼400 k parameter count of fθ for
fair comparison.

On an Intel i9-13900HX CPU, the 12-module cascade runs at
23.48 ms per frame, comfortably within the 100 ms control pe-
riod; the MLP backbone accounts for 14.28 ms, the causal Trans-
former residual for 8.75 ms, and the friction-prior evaluation and
buffer updates for the remaining 0.45 ms. Further software-level
speedup is available through quantization or backbone-width
reduction.

The operating point is selected on the validation split at λ =
1.0, λs = 0.1, ηw = 2.0, and h = 20 (h = 20 corresponds to 2 s
at 10 Hz). A one-at-a-time validation sweep over λ ∈ [0.03, 30],
λs ∈ [0.003, 3], ηw ∈ [0.25, 16], and h ∈ [5, 80] shows that per-
formance remains stable around this setting, with worst-to-best
RMSE ratios of 1.18 (λ), 1.22 (λs), 1.30 (ηw), and 1.12 (h).

1) Unit-Level Validation: All Capstan baselines implement
the analytical friction model of (4)–(6), and instantiate (βk, σk,i)
in (6) differently: Capstan-simple takes βk ≡ 1, σk,i ≡ 1;
Capstan-contact derives βk from the tendon–hole contact geom-
etry with σk,i ≡ 1; Capstan-nonsmooth combines this βk with

σk,i from the hysteresis formulation of Section III-B. Their per-
tendon coefficients (Ai, Bi) are fitted on the training/validation
split by constrained nonlinear least-squares under μi(α) ≥ 0;
held-out test trajectories are not used for calibration. The
identified per-tendon coefficients are (Ai, Bi) = (0.30, 0.09),
(0.32, 0.08), (0.28, 0.10) for the three tendons.

The architectural choice of the PG-CHTM unit is verified
prior to cascade analysis. As reported in Table I, the proposed
hybrid unit outperforms both analytical models and pure data-
driven baselines on the held-out single-passage task. The PG-
CHTM achieves an RMSE of 4.628 N, significantly lower than
the LSTM baseline at 8.184 N and the static MLP at 6.260 N.
This result validates the design premise that combining a static
backbone with a temporal residual offers a superior accuracy-
efficiency trade-off compared to fully recurrent architectures.

2) Cascade Performance and Ablation Studies: Cascade es-
timation performance is detailed in Table II, with representative
baseline and ablation comparisons shown in Fig. 5. Relative to
the physics baseline, compounding drift is compensated for and
errors are kept near the zero-error reference by the PG-CHTC
estimator.

The sources of these gains are isolated in ablation studies.
When physics regularization is removed, significant accuracy
loss is observed, with RMSE increasing from 11.185 N to 14.457
N. This empirical evidence supports the theoretical argument in
Section III-D: the physics regularization constrains the solution
space under terminal-only joint-side supervision and reduces
persistent terminal-joint bias.

The temporal residual module gφ further improves dynamic
fidelity, especially around motion reversals. When omitted,
sharp error spikes appear at reversals (Fig. 5); the full model
suppresses these transients, indicating the residual’s role in cap-
turing history-dependent viscoelastic effects beyond the static
backbone.

C. Estimator-in-The-Loop Closed-Loop Control Experiments

The trained estimator is deployed within a 10 Hz hybrid
tension and configuration control framework adapted from [3],
executing synchronously with the control loop (Fig. 3(b)). Eval-
uation on Posterior-3 and Posterior-6 step protocols applies stan-
dardized rise-time and settling metrics to compare the controller
driven by the analytical Capstan baseline against the one driven
by the proposed PG-CHTC estimator (Table III and Fig. 6).

For the Posterior-3 step-and-return task, the PG-CHTC-
driven controller reduces settling time by 44.4% (from 4.50 s to
2.50 s) and RMS error by 72.0% (from 0.68◦ to 0.19◦) relative
to the baseline. In Fig. 6, the baseline system exhibits sluggish
response and steady-state offsets due to friction-induced estima-
tion bias, whereas the PG-CHTC system converges rapidly with
minimal overshoot.

V. CONCLUSION

This letter presents PG-CHTC, a physics-guided cascade
framework for estimating joint-side tendon tensions in discrete-
joint CDHRRs from actuator-side measurements. By recursively
applying a shared tension-ratio unit with capstan-based reg-
ularization and a causal temporal residual, the multiplicative
architecture enforces physical consistency and improves practi-
cal identifiability under terminal-only joint-side measurements.
Validation on a 12-module CDHRR shows that the estimator
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mitigates the compounding friction errors of analytical base-
lines [5], [12] while remaining stable relative to purely data-
driven approaches [13]. The estimator sustains 10 Hz closed-
loop control and serves as a virtual sensor for systems with
limited terminal instrumentation.

The current formulation assumes tribological homogeneity,
quasi-static operation, and a taut-tendon regime maintained by
the low-level controller; wear, fast motions, or slack incursions
fall beyond this scope. Future work will relax strict weight
tying via low-dimensional per-guide adaptation and study how
sparse intermediate sensing can calibrate spatial variations while
preserving practical identifiability.
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