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Abstract—Pneumatic soft robots are well-suited for minimally
invasive surgery owing to their compliance and safe interac-
tion with tissues. However, achieving highly adaptive control
is difficult owing to modeling inaccuracies, inter-chamber cou-
pling, and disturbances from surgical instruments. Non-learning
adaptive methods depend on simplified models and perform
poorly in unstructured settings. Conversely, learning-based
methods often impose high computational costs in multi-
degree-of-freedom (multi-DoF) pneumatic systems. A previous
study proposed a generative adversarial network (GAN)-based
proportional–integral–derivative (G-PID) controller that com-
bined PID stability with learning-based adaptability by aligning
system behavior with a reference model. However, its perfor-
mance in highly coupled multi-DoF pneumatic soft robots was
unverified, and its online adversarial training was computa-
tionally intensive. We addressed these limitations by developing
an offline-trained G-PID controller, shifting adversarial training
offline to reduce computational overhead, achieving 23-fold faster
convergence, and enabling real-time, model-free control with
balanced adaptability and efficiency. We evaluated three multi-
DoF data fusion strategies, showing effective coordination of DoF
coupling while maintaining individual control fidelity. Validation
on a multi-DoF soft robotic mechatronic system for single-port
transvesical prostatectomy revealed tip errors below 0.16 mm
across surgical instruments. Proposed controller enhances scala-
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bility and adaptability and may generalize to other mechatronic
systems with nonlinear, coupled dynamics.

Note to Practitioners—Pneumatic soft manipulators are attrac-
tive for minimally invasive procedures; however, they are difficult
to control in practice: air chambers interact, simple models are
inaccurate, and controllers that learn online can be too slow for
real-time use. This work leverages a familiar PID loop and adds
a compact compensator trained offline on short motion trials. In
operation, the controller behaves like standard real-time system
—no online learning or detailed physical model—while correcting
for coupling and tool-induced disturbances. We also co mpared
three multi-DoF fusion strategies and found that a unified fusion
of all DoFs worked best. For a complete multi-DoF soft robotic
mechatronic system designed for a single-port prostatectomy
task, the approach maintained a tip error of less than 0.16 mm
across different instruments, thereby reducing retuning effort
and improving repeatability. Deployment involves collecting brief
device-specific trajectories, training the compensator offline, and
integrating it with existing pressure regulation and motion track-
ing. Current limitations include testing mainly planar motions on
a four-chamber device, response speed constrained by pneumatic
hardware, and the need for formal stability guarantees and
automated tuning; higher-flow valves, revised chamber geometry,
compact networks, and stability certification are practical next
steps. Beyond surgery, the method is expected to transfer to other
nonlinear, coupled mechatronic systems (e.g., continuum robots,
pneumatic-muscle actuators, and compliant end-effectors).

Index Terms—Adaptive control, generative adversarial net-
work, manipulators, medical robotics, minimally invasive surgery,
multi-DoF, soft robot, surgical robot.

I. INTRODUCTION

PNEUMATIC soft robots—actuated by inflating multiple
internal chambers—have emerged as promising flexi-

ble instruments for minimally invasive surgery owing to
their inherent compliance and safe interaction with tissues
[1], [2], [3]. Compared with conventional rigid laparoscopic
instruments, these soft robotic devices can provide smoother
navigation through convoluted anatomical pathways and trans-
mit considerably lower contact forces [4], thereby reducing the
risk of iatrogenic injury. Recent demonstrations—including
soft robotic manipulators for precise laser positioning,
steerable colonoscopes, and variable-stiffness endoluminal
arms—have highlighted their superior dexterity and enhanced
safety compared with conventional rigid instruments [5], [6],
[7].

Nevertheless, achieving accurate and multistep surgical
maneuvers using pneumatic soft robots remains a major
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challenge. Controlling multi-degree-of-freedom (multi-DoF)
pneumatic soft robots requires the simultaneous pressurization
of several chambers. This pressurization induces considerable
geometric coupling, wherein the deformation of one chamber
restricts or modifies that of another [8]. Such interactions
undermine dynamic models and hinder real-time trajectory
tracking within the ±1 mm accuracy clinical threshold.

Moreover, the low stiffness of pneumatic soft robots can
complicate control when instruments such as 5–8 mm flexible
endoscopes or fiber-optic catheters are inserted through their
internal channels. Instrument insertion introduces friction,
compression, and stochastic micro-slips [9], [10]. As clinical
endoscopes vary widely in diameter, curvature, and internal
mechanics, a single deterministic model cannot capture all
instrument–robot interactions. Consequently, controllers must
be capable of handling the intrinsic nonlinear coupling within
soft robots and external disturbances introduced by unknown
surgical instruments to ensure safe and accurate motion.
Several methods have been proposed to tackle the challenge
of adaptability in control systems. These can generally be
categorized into learning- and non-learning-based methods.

A. Non-Learning-Based Adaptive Control Strategies
In conventional control theory, several non-learning-based

controllers have been developed to address uncertainty and
model inaccuracy [11], [12], [13]. Among them, robust con-
trollers such as the H∞ and sliding-mode controllers are
widely used [14], [15]. Although these methods are not
adaptive controllers in the strict sense, their robustness enables
them to effectively handle unknown variations, thereby achiev-
ing a form of implicit adaptability. Other methods aim to adapt
to system changes by dynamically tuning the control gains or
identifying unknown system parameters in real time. These
methods fall within the classical adaptive control framework,
which includes direct and indirect adaptive controllers [16].
Such methods have been widely applied in the field of soft
robots. For example, Best et al. [17] applied a nonlinear model
predictive control strategy to a multi-chamber pneumatic arm,
which is a typical example of indirect adaptive control, and
achieved submillimeter accuracy.

Although some strategies involve dynamic adjustment, non-
learning-based adaptive control strategies do not rely on
large-scale data or neural network-based training; hence, they
are classified as non-learning methods [18]. A primary lim-
itation of these methods is their strong dependence on an
accurate dynamic model, as most are inherently model-based
[19], [21],. Moreover, the absence of network-based updates
implies that tuning adaptation rules and related parameters can
be complex and nontrivial.

B. Learning-Based Adaptive Control Strategies
Another class of adaptive controllers—referred to as

learning-based adaptive control—leverages neural networks
and large-scale data [22]. Recent advances in data-driven
control have further broadened this paradigm, particularly in
precision automation and microrobotics. For instance, Zhong
et al. [23] proposed a disturbance rejection framework for
paired magnetic millirobots in confined spaces, achieving

highly accurate motion control through data-driven disturbance
compensation under global inputs. Similarly, Wang et al. [24]
developed a parallel adaptive control scheme for magnetic heli-
cal microrobots in uncertain environments, achieving robust
real-time performance by incorporating derivative structures
into the learning loop. Although these methods differ from
classical adaptive control in terms of their implementation,
they share common mechanisms for achieving adaptability,
such as adjusting the control gains or performing online
system identification. A typical example is using neural
networks to fine-tune the control gains of a feedback con-
troller, which could be model- or error-based—for example,
a proportional–integral–derivative (PID) controller [25]. In
addition, deep reinforcement learning can achieve adaptability
and generalization by allowing agents to learn control policies
through extensive interactions with the environment [26], [27],
[29],. This class of methods has gained considerable traction in
soft robot control applications. For example, Centurelli et al.
[26] employed trust-region policy optimization for payload-
robust trajectory tracking.

Despite their potential, learning-based adaptive control
strategies typically require extensive datasets and prolonged
online training, often involving tens of thousands of inter-
actions and training times of several minutes. This level
of inefficiency is impractical in real-time surgical applica-
tions. Moreover, the theoretical guarantees for learning-based
adaptive controllers regarding stability and robustness remain
limited, particularly in the presence of sudden disturbances.
Most importantly, consistent control performance cannot be
assured, particularly in safety-critical tasks such as surgical
manipulation [30].

Motivated by the complementary, yet incomplete, advan-
tages of non-learning- and learning-based control paradigms,
Zhou et al. [31] proposed a generative adversarial net-
work (GAN)-based PID (G-PID) architecture to achieve
high adaptability. The G-PID controller combined classical
PID control stability with learning-based adaptability. The
device comprised a generator that produced compensation
actions to enhance PID responsiveness when controlling an
unknown/changing system. Moreover, a discriminator was
essential for achieving highly adaptive control because it
continually distinguished responses from the compensated
unknown or changing system and the predefined reference
system. By consistently updating the compensator based on
this discrimination, the system could dynamically align the
response of the unknown system with that of the reference
system, thereby realizing robust adaptive control. Without this
discriminator-driven adversarial learning mechanism, real-time
adaptability could not be achieved.

Online-trained G-PID requires updates at each time step,
which incurs considerable computational costs. In addition,
soft robotic systems typically exhibit strong nonlinearities,
particularly in multi-DoF scenarios. The coupling of different
joints or actuators can lead to large variations in the gradient
across time steps. As the online-trained G-PID relies on a
single-step update, it is particularly sensitive to abrupt gradi-
ent changes, potentially resulting in instability or suboptimal
control performance.
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In this study, an offline-trained G-PID controller specifically
tailored to multi-DoF soft robots was introduced to overcome
these limitations. By shifting the adversarial training process
offline, the computational demand could be reduced consid-
erably, resulting in 23-fold faster convergence and enabling
stable and safe hyperparameter tuning. In addition, three dis-
tinct multi-DoF fusion strategies were proposed and evaluated
to efficiently convey the inter-chamber coupling characteristics
to the generator network.

The proposed controller was validated on a four-chamber
pneumatic soft robot designed for single-port transvesical
prostatectomy via simulations and physical experiments. The
results revealed that the offline-trained G-PID consistently
achieved tip position errors below 0.9 mm relative to the
reference response under varying surgical instrument and pay-
load conditions. The controller closely replicated the transient
dynamics of the reference model, meeting the stringent accu-
racy requirements for minimally invasive surgical procedures.

The main contributions of this study are as follows:
1) Offline-Trained G-PID Architecture An offline adver-

sarially trained compensator achieved approximately 23
times faster convergence and improved closed-loop sta-
bility compared with an online baseline.

2) Multi-DoF Data Fusion Strategies We systematically
compared three multi-DoF data fusion strategies—that
is, batch-separated DoF conditioning, independent DoF
modularization, and unified DoF modularization—to
identify how the generator network could effectively
handle complex inter-DoF coupling while preserving
individual DoF-specific characteristics. This compara-
tive study revealed optimal fusion strategies that could
enhance the adaptability and robustness of controllers in
multi-DoF pneumatic soft robots.

3) Comprehensive Experimental Validation Extensive
hardware and simulation tests on a four-chamber
soft manipulator designed for single-port prostatectomy
demonstrated high adaptability across surgical instru-
ments, effective compensation for coupling effects and
tool interactions, and accurate adherence to the refer-
ence model response. The proposed controller, validated
through soft surgical robotic applications, enhances
scalability and adaptability and is expected to be gen-
eralizable to other mechatronic systems with nonlinear
and coupled dynamics.

II. PROPOSED CONTROLLER DESIGN AND MULTI-DOF
FUSION

A. Offline-Trained G-PID Controller

The proposed offline-trained G-PID controller for soft
robots is illustrated in Fig. 1. Unlike the online-trained G-PID
method presented by Zhou et al. [31], which requires gradient
updates at every discrete control interval, the offline-trained G-
PID controller separates the training process into two distinct
phases—that is, real-time control and offline update.

As shown in Fig. 1a, during the control phase, no updates
are performed; thus, the discriminator remains completely
inactive, whereas the generator functions entirely as a lead

Fig. 1. Flowchart of the offline-trained G-PID controller.

compensator. Data from the reference system are not required
during this phase. The generator network G(s) receives the
real-time system state information S and produces an adaptive
compensation signal uG. This compensatory signal is com-
bined with the PID output uPID and applied to the pneumatic
soft robot that is inserted with an unknown endoscope, rep-
resented by funknown(x). The response of the unknown system
funknown(x) is termed the fake response R f ake.

A fake response is recorded throughout the control phase
without immediate parameter updates, thereby ensuring stable
real-time operation.

In the subsequent offline update phase, funknown(x) does not
participate because the system does not involve a control
process. Only the recorded R f ake from the control phase is
required. Owing to this characteristic, this method is referred
to as the offline-trained G-PID controller. The recorded fake
response R f ake and predefined reference response Rre f , gen-
erated by the soft robot equipped with a known reference
endoscope, are simultaneously provided to the discriminator
D(x). The discriminator receives these responses and guides
the adversarial updates of the generator to optimize its com-
pensation capability. Both networks are trained offline based
on the adversarial loss function V (G,D) defined as follows:

min
G

max
D

V (G,D) = ERre f∼p
data(Rre f )

�
logD

�
Rre f

��
+ E f ake∼p

data(R f ake)
[log

�
1 − R f ake

�
] (1)

Here, Rre f ∼ pdata(Rre f ) are reference-response samples gen-
erated by the reference model, and f ake ∼ pdata(R f ake) are
compensated responses produced by the generator G. The
discriminator D outputs the probability that an input originates
from pre f . The first expectation encourages the correct classi-
fication of reference responses, whereas the second penalizes
assigning high reference probability to generated responses;
the resulting min–max optimization drives pG toward pre f ,
making the compensated closed-loop response indistinguish-
able from the reference and thereby improving adaptability.

Detailed pseudocode outlining the offline-trained G-PID
training and implementation procedures is presented in Table I.
Unless otherwise noted, all models were trained with identical
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TABLE I
PSEUDOCODE OF THE OFFLINE-TRAINED G-PID CONTROLLER

hyperparameters to isolate the effects of the training strategy
and fusion mechanisms. The learning rates for the generator
and discriminator were fixed at (2 × 10−4); training was run for
500 epochs with a batch size of 1. No explicit regularization or
early stopping was applied, and the final-epoch weights were
used for evaluation.

B. Proposed Multi-DoF Fusion

We systematically explored the effective integration
of multi-DoF information within the proposed offline-
trained G-PID controller by introducing and comparing
three fusion strategies—batch-separated DoF condition-
ing, independent DoF modularization, and unified DoF
modularization—selected to span a clear spectrum from mini-
mal to full information sharing, thereby enabling a structured
assessment of how inter-DoF coupling should be exploited in
coupled pneumatic multi-DoF systems. The fusion strategies
are described as follows:

1) Batch-Separated DoF Conditioning(Fig. 2a): For this
strategy, the input data corresponding to each DoF are sep-
arated into distinct batches, with clear DoF-specific identifiers
(one-hot embedding-style conditioning signals) integrated into
each batch. Although processed independently within batches,
all data are evaluated using the same generator and discrimi-
nator. The generator and discriminator implicitly maintain the
awareness of the DoF distinctions via DoF-specific identifiers,
thereby facilitating the efficient handling of the interactions
between coupled DoFs.

Fig. 2. Three multi-DoF training fusions.

Fig. 3. Structure of soft robots.

2) Independent DoF Modularization(Fig. 2b): This strat-
egy employs independent generator–discriminator modules
for each DoF. Such modularization permits the independent
processing and assessment of specific dynamics for each DoF,
enhancing the capability of the generator to distinctly learn
and compensate for individual chamber behaviors.

3) Unified DoF Modularization (Fig. 2c): The unified
DoF modularization strategy concatenates information from
all DoFs into a single unified input vector, which is fed
into the discriminator and generator networks. Consequently,
the input and output dimensionalities of the generator scale
proportionally with the total number of DoFs, enabling the
network to directly capture the interactions among the DoFs.
The discriminator is also provided with these integrated DoF
configurations, thereby enabling the coupling characteristics to
be modeled in a unified manner.

III. EXPERIMENTAL METHODS

A. Soft Robot Modeling

Fig. 3 illustrates the design and structural details of a soft
robot specifically designed for endoscopic surgery applications
featuring two DoFs.
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These DoFs are actuated by four symmetrically arranged
pneumatic chambers—that is, the FU, FD, FL, and FR cham-
bers. The two orthogonally oriented DoFs collectively enable
critical surgical tasks, such as precise prostate probing, sutur-
ing, and tissue dissection. A hollow central channel (duct) was
designed to accommodate endoscopes with diameters up to
6 mm. In this study, a soft robot was fabricated from silicone
rubber (SIL30, San Draw Inc., TWN) using 3D silicon printing
(S053 Silicone 3D Printer, San Draw Inc., TWN).

Accurately establishing a dynamic model remains chal-
lenging owing to the complex interactions between the soft
robot and the inserted endoscopes, as well as the inherently
nonlinear material properties and pneumatic behavior of the
soft robot.

We addressed these complexities by adopting a model-
ing approach inspired by previous studies [32], [33], [34],
approximating the robot dynamics as a superposition of two
overdamped second-order systems. The simplified system
response model can be expressed as follows:

x (t) = C1e−λ1t + C2e−λ2t + C3 (2)

where x (t) denotes the tip position of the robot, and C1, C2,
and C3 denote the amplitude coefficients dependent on the
initial conditions and input pressures. In particular, C3 denotes
the steady-state displacement and must remain positive; λ1 and
λ2 denote positive decay rates.

According to a previous study [30], each distinct input
pressure step yields a unique dynamic response. Thus, discrete
step pressure inputs were applied to the robot, and their cor-
responding transient responses were recorded. Subsequently,
the parameters λ1, λ2, C1, C2, and C3 were identified via the
least-squares method to best fit the experimentally obtained
step responses.

As these parameters varied with the input pressure, each
parameter was further modeled using polynomial regression
with respect to two pressure inputs: p1 (pressure applied to the
chambers FL and FR) and p2 (pressure applied to the chambers
FU and FD). Their polynomial forms can be expressed as
follows:

λ1
�
p1, p2

�
=
Xm

i=0

Xm−i

j=0
ai j pi

1 p j
2 (3)

C1
�
p1, p2

�
=
Xm

i=0

Xm−i

j=0
bi j pi

1 p j
2 (4)

where ai j and bi j denote regression coefficients determined
through the least-squares fitting procedure, and m denotes
the polynomial degree selected based on the optimal balance
between model accuracy and complexity. As λ1, C2, and C3
share the same form, their expressions are omitted.

The simulations and experiments were conducted in discrete
time. As such, (2) was discretized using the backward Euler
method. In particular, it was decomposed into three separate
terms, as follows:

x (t) = x1 (t) + x2 (t) + x3 (t) (5)

where x1 (t) = C1e−λ1t, x2 (t) = C2e−λ2t, and x3 (t) = C3. Taking
the time derivative of x1 (t) yields

dx1 (t)
dt

= −λ1x1 (t) (6)

Applying the backward Euler discretization to (6),

dx1 (t)
dt
|t=n∆t ≈

x1 (n) − x1 (n − 1)
∆t

= −λ1x1 (n) (7)

Rearranging the terms, the discrete form for x1 (n) is

x1 (n) =
x1 (n − 1)
1 + λ1∆t

(8)

Similarly, the discrete form for x2 (n) can be obtained as

x2 (n) =
x2 (n − 1)
1 + λ2∆t

(9)

Considering x3 (n) x3 (n) as a constant steady-state term, the
final discrete form of (2) is

x (n) =
x1 (n − 1)
1 + λ1∆t

+
x2 (n − 1)
1 + λ2∆t

+ C3 (10)

where n denotes the time step, and ∆t denotes the discretiza-
tion time step.

B. Prototype Experiment Setting for Soft Robot Modeling

The dynamic response of the robot was experimentally
characterized by sequentially applying discrete step pressures
(10, 20, 30, . . ., 180 kPa). Owing to the symmetrical geometry
and material uniformity of the robot, two representative cham-
ber combinations were measured—that is, a single-chamber
(FL) and a two-chamber combination (FL and FU). This
was sufficient to fully characterize the dynamic response
of all four chambers, thereby simplifying the experimental
procedure and avoiding redundancy. Each pressure step was
maintained for 10 s to ensure stable response data collection.
The responses for the symmetric chambers (FR and FD) were
inferred directly from the recorded responses of the FL and
FU chambers.

An Arduino Uno Rev3 microcontroller (Arduino CC, USA)
served as the main control unit and regulated the air pressure
through a proportional valve (SMC ITV0050-2ML, SMC
Co., Ltd., Japan). A high-precision pressure sensor (KP201,
Shenzhen Dahua Electronics Co., Ltd., CN, accuracy ±1 kPa)
was used to record the applied air pressures. In addition, a
motion tracking system (Mars 4H, Beijing NOKOV Science
& Technology Co., Ltd., CN) tracked the robot tip position
during each 10 s interval. A reflective marker was affixed to
the tip of the robot to enhance the positional tracking accuracy.

The positional data collected at each pressure step were
analyzed using the previously defined response model ((3)
and (4)). Step-response measurements were systematically per-
formed under two conditions—that is, without an endoscope
and with endoscopes of different diameters inserted into the
central channel of the robot. The endoscopes used in this study
were the Ambu RO aScope 4 Broncho Slim (3.8 mm diameter),
Ambu RO aScope 4 Broncho Regular (5.0 mm diameter), and
Ambu RO aScope 4 Broncho Cysto (5.4 mm diameter).

C. Simulation Experiment Setting for the Offline-Trained
G-PID Controller

Fig. 4 illustrates the architectures of the generator and
discriminator employed in this study. All input signals were

Authorized licensed use limited to: University of Tokyo. Downloaded on March 20,2026 at 01:58:55 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Transactions on Automation Science and Engineering (T-ASE) paper, presented at ICRA 2026, Vienna, Austria. 



LU et al.: OFFLINE-TRAINED GAN-AUGMENTED HIGHLY ADAPTIVE CONTROL WITH MULTI-DoF FUSION 947

Fig. 4. Network architecture.

used in their native physical units (i.e., without normalization
or standardization) to preserve the physical correspondence
and relative magnitudes between the state, error, and con-
trol variables, thereby maintaining closed-loop interpretability.
This design choice avoids confounding architectural effects
in the offline–online and multi-DoF fusion comparisons and
is consistent with prior G-PID analyses [31]. The generator
receives the system state information S as the input (Fig. 1a),
including the robot’s tip position, velocity, position tracking
error, PID output, and derivative of the tracking error, and out-
puts a compensation signal uG. Conversely, the discriminator
receives the robot’s tip position, velocity, and position tracking
error as inputs. Both networks are implemented as multi-
layer perceptrons (MLPs). The generator comprises five layers
using rectified linear unit (ReLU) activations in the hidden
layers, whereas the discriminator comprises four layers with
LeakyReLU (LReLU) activations and a sigmoid output layer.
The network architectures and input–output features follow the
designs proposed in [31], which have demonstrated stable and
effective performance in control-compensation tasks.

Static MLPs were deliberately adopted instead of time-
aware architectures (e.g., RNNs or LSTMs) to maintain
the study’s focus on comparing offline and online training
strategies and different multi-DoF fusion mechanisms, with-
out introducing architectural biases. Moreover, recurrent or
sequence-based models typically incur greater computational
overhead and inference latency, which would hinder real-time
execution on embedded hardware. The MLP structure thus
provides a balanced trade-off between representational capa-
bility, computational efficiency, and reproducibility, making it
more suitable for real-time adaptive control experiments.

The reference system response (Rre f , as illustrated in
Fig. 1b) was modeled based on a soft robot without
an endoscope because this scenario provided the fastest
response among the tested configurations. Conversely, the
response model of the robot with a 5.4-mm diameter
endoscope inserted was selected as the unknown system
during GAN training. This selection follows model reference
adaptive control (MRAC) practice [35]: a realizable, fast,

Fig. 5. Prototype experiment setting.

low-overshoot reference was used. Comparable performance
held for similar-bandwidth references; overly aggressive ones
exceeded hardware limits and degraded tracking. Additional
validations were performed using endoscopes with diameters
of 3.8 and 5.0 mm inserted into the soft robot.

For the PID controller parameters, DoFs 1 and 2 were set to
the same gains (kp = 10, ki = 15, and kd = 5) with a discretized
control timestep of 0.02 s and a total control period of 10 s.
The offline-trained G-PID controller was trained by training
all three multi-DoF fusions over 400 epochs.

The benchmark for the effectiveness of the proposed offline
training approach was set by training an online-trained G-PID
controller using a batch-separated DoF conditioning strategy
for direct comparative evaluation. The Adam optimizer, with
a learning rate of 2e−4, was employed to optimize both
the generator and discriminator parameters. All neural net-
work models were developed in Python 3.9.12 (64-bit) using
PyTorch version 1.12.1 and CUDA 11.3 acceleration.

D. Prototype Experiment Setting for the Offline-Trained
G-PID Controller

Fig. 5 illustrates the complete multi-DoF soft robotic
mechatronic system employed for real-world validation of
the offline-trained G-PID controller. The system configuration,
including the control unit, pressure regulation mechanisms,
and motion tracking unit, remained consistent with the setup
previously described in Section III-B.

In the prototype validation experiments, an offline-trained
G-PID controller initially trained in the simulation was directly
deployed for soft robot control in real-world conditions. A
revised set of PID gains (kp = 25, ki = 92, and kd = 1)
was determined empirically by tuning to address discrepancies
commonly encountered during sim-to-real transfers. These
revised gains ensured that the robot’s response without the
inserted endoscope closely matched the reference response
defined in the simulation.
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TABLE II
MSE FOR EACH FITTING GROUP

Additional validation tests were performed using medical-
grade endoscopes, which differ distinctly from those
employed in the simulation-based robot-modeling experiments
(Section III-B) to further evaluate the adaptability and general-
ization capability of the proposed controller to realistic clinical
conditions. In particular, clinical endoscopes from Innovex
Medical Co., Ltd. (CN) were selected. These included a single-
use flexible ureterorenoscope (2.7 mm), a single-use flexible
bronchoscope (4.2 mm), and a single-use flexible cystoscope
(5.5 mm).

IV. RESULTS

A. Response Model Fitting Results

During the parameter fitting of the amplitude coefficients
(C1, C2, C3) and decay rates (λ1, λ2) using (3) and (4), we
observed that coefficients C1 and C2, as well as decay rates
λ1 and λ2, consistently converged to identical values. This
symmetry arose from the inherent geometric symmetry of
the actuator and uniform chamber response characteristics,
enabling the original model ((2)) to be simplified into the
following first-order form:

x (t) = 2C1e−λ1t + C3 (11)

The regression coefficients from the polynomial fitting are
detailed in the Appendix. A quantitative evaluation, conducted
through a mean squared error (MSE) comparison between the
measured responses and the predictions from the simplified
model, demonstrated comparable accuracy (summarized in
Table II), thereby confirming the practical validity of the
model.

The simplification to a first-order model is consistent with
the observed slow response of the actuator and absence
of an overshoot. These dynamic characteristics could be
attributed primarily to the small chamber volume and hollow
central duct of the actuator. Initially, the limited chamber
volume restricted rapid deformation upon pressurization. Sub-
sequently, the central duct inflated inward, delaying notable
curvature and effectively reducing the dynamic complexity.
Such response behavior is consistent with the finite element
analyses in previous literature [36], which similarly reported
delayed bending owing to inward inflation in hollow actuators,
further supporting our simplified first-order representation as
physically meaningful and practically sufficient for adaptive
control purposes.

Unified DoF modularization demonstrated superior com-
pensation in DoF 1, which closely matched the reference
trajectory. However, its performance in DoF 2 exhibited
noticeable overcompensation, suggesting that although the
transient response stability and settling time were improved

TABLE III
AVERAGE TRAINING DURATION FOR EACH CONFIGURATION

TABLE IV

SYSTEM TIME RESPONSE CHARACTERISTICS UNDER THE OFFLINE-
TRAINEDG-PID (VS. PID) CONTROLLER

relative to the PID-only control, further parameter refinement
or strategy optimization may be necessary to achieve precise
alignment with the reference system.

We evaluated the effectiveness of the offline and online-
trained G-PID controllers [31] in multi-DoF pneumatic soft
robotic systems by conducting a comparative study under
the unified DoF modularization framework using identical
experimental conditions. As shown in Figs. 6a and b, the
online-trained G-PID controller exhibited limited compen-
sation capability under the optimal multifusion strategies,
producing a response that closely resembled that of the
PID-only controller. By contrast, the offline-trained G-PID
controller achieved notably improved tracking accuracy and
stability.

B. Offline-Trained G-PID Controller in Simulation
Experiment

First, the training durations of the offline and online-
trained G-PID controllers were compared. The online-trained
G-PID used a unified DoF modularization strategy to trans-
mit DoF information. In addition, the training durations for
all three multi-DoF fusion strategies were assessed for the
offline-trained G-PID controller. Each configuration was inde-
pendently trained three times, the average training durations
of which are summarized in Table III. The results clearly
demonstrate that offline training substantially improved the
computational efficiency, reducing the training time 23-fold
compared with online training. Variations among the multi-
DoF fusions exhibited a negligible impact on the offline
training duration.

We evaluated the adaptability of the offline-trained G-PID
controller by testing it on soft robots with 5.0- and 3.8-mm
endoscopes. Table IV summarizes the performance metrics
of these systems. Under PID control alone, the settling time
difference between the 3.8 mm system and the reference
system was approximately 2.94 (6.96−4.02) s; employing
offline-trained G-PID control reduced this discrepancy con-
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Fig. 6. Comparison of the responses for the three DoF information fusion strategies. a) Unified DoF modularization, DoF 1; b) Unified DoF modularization,
DoF 2; c) Batch-separated DoF conditioning, DoF 1; d) Batch-separated DoF conditioning, DoF 2; e) Independent DoF modularization, DoF 1; f) Independent
DoF modularization, DoF 2.

siderably, to 0.74 (4.76−4.02) s. Similarly, the initial settling
time difference of 1.48 s between the 3.8- and 5.0-mm systems
decreased to just 0.02 (4.76−4.74) s with offline-trained G-PID
control. Moreover, notable reductions in the delay and rising
times were evident across both DoFs, further validating the
adaptability of the offline-trained G-PID controller.

Fig. 6 compares three different multi-DoF fusion strategies
for training the offline-trained G-PID controller. The results
indicate that the unified DoF modularization consistently
delivered the most accurate compensatory performance across
both DoFs. Conversely, batch-separated DoF conditioning,
employed in [31], exhibited poor performance, producing com-
pensation signals in directions opposite to that of the required
action. Independent DoF modularization demonstrated limited
effectiveness, providing moderate compensation in DoF 1 but
failing entirely in DoF 2, indicating its constrained adaptability
to multi-DoF scenarios.

Unified DoF modularization demonstrated superior com-
pensation in DoF 1, which closely matched the reference
trajectory. However, its performance in DoF 2 exhibited
noticeable overcompensation, suggesting that although the
transient response stability and settling time were improved
relative to the PID-only control, further parameter refinement
or strategy optimization could be necessary to achieve precise
alignment with the reference system.

We evaluated the effectiveness of the offline and online
G-PID controllers [31] in multi-DoF pneumatic soft robotic
systems by conducting a comparative study under the unified
DoF modularization framework using identical experimental
conditions. As shown in Figs. 6a and b, the online G-PID
controller exhibited limited compensation capability under
the optimal multifusion strategies, producing a response that
closely resembled that of the PID-only controller. By contrast,

the offline-trained G-PID controller achieved notably improved
tracking accuracy and stability.

C. Offline-Trained G-PID Controller in the Prototype
Experiment

Fig. 7 presents the prototype validation results for the
offline-trained G-PID controller using three clinically relevant
endoscopes (2.7, 4.2, and 5.5 mm), which differed from those
used in simulation training. For all three tested endoscopes, the
offline-trained G-PID controller successfully compensated for
the discrepancies evident under PID-only control, maintaining
the actuator tip trajectories consistently close to the predefined
reference response. In particular, at each discrete control
timestep, the maximum deviation between the actual response
under offline-trained G-PID control and the reference response
remained below ±0.9 mm. By contrast, the PID-only con-
trol consistently exhibited maximum deviations greater than
±1.5 mm.

Table V summarizes the maximum and average deviations
for each controller-endoscope combination. Under PID-only
control, the maximum errors were consistently larger than
±1 mm, with average errors exceeding ±0.5 mm. Conversely,
the offline-trained G-PID controller reduced these deviations
considerably, maintaining maximum errors below ±0.9 mm
and average errors below ±0.2 mm.

V. DISCUSSION

A. Offline-Trained G-PID Controller in the Simulation
Experiment

Several advantages of the proposed offline-trained G-
PID controller were verified. Table IV demonstrates the
improvements in the training efficiency achieved with offline
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Fig. 7. Experimental validation results of the offline G-PID controller performance across different clinical endoscopes. (a) Single-use flexible ureterorenoscope
(2.7 mm), DoF 1; (b) Single-use flexible ureterorenoscope (2.7 mm), DoF 2; (c) Single-use flexible bronchoscope (4.2 mm), DoF 1; (d) Single-use flexible
bronchoscope (4.2 mm), DoF 2; (e) Single-use flexible cystoscope (5.5 mm), DoF 1; (f) Single-use flexible cystoscope (5.5 mm), DoF 2.

TABLE V

MAX AND AVERAGE ERROR OF THE OFFLINE-TRAINED G-PID(VS. PID)
CONTROLLER

TABLE VI

REGRESSION COEFFICIENTS FOR λ1

training, particularly as the DoFs and data volume of the
system increased. In addition, offline training optimized com-
pensatory actions considering the entire system trajectory,
whereas online training updated the parameters at each time

TABLE VII

REGRESSION COEFFICIENTS FOR C1

TABLE VIII

REGRESSION COEFFICIENTS FOR C3

step, risking convergence to the local minimum, which is
beneficial only over limited intervals. Nevertheless, the online
method retained the unique advantage of dynamically adapting
to exceptionally irregular response behaviors, which is a
capability absent in offline methods.
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Moreover, offline training enhanced numerical stability by
mitigating the adverse effects of the large gradient fluctuations
frequently encountered during online training. However, the
offline strategy inherently separated the control and update
periods, resulting in simultaneous real-time learning being
impractical for control. Thus, a potentially optimal hybrid
strategy could involve initial offline training in simulations,
followed by online fine-tuning to bridge the simulation-to-real
performance gap. Within such a hybrid scheme, slow system-
inherent variations and typical external condition changes
can be handled by occasional light fine-tuning with newly
collected data. In contrast, major hardware or configuration
modifications would reasonably require a full offline retraining
of the compensator.

After establishing the advantages of offline training, the per-
formance of the proposed offline-trained G-PID controller was
evaluated using three distinct multi-DoF fusions. Among these,
unified DoF modularization consistently provided the most
effective compensation. This superiority could be attributed
to the integrated representation of inter-DoF coupling, which
effectively captured mutual interactions from the outset.

Conversely, batch-separated DoF conditioning, previously
employed in [16], maintained DoF distinctions by labeling and
separating batch inputs. Although computationally efficient
and capable of addressing moderate coupling, this approach
often restricted the inter-DoF information flow, limiting its
ability to accurately model strong coupling interactions. Inde-
pendent DoF modularization treated each DoF individually
with separate networks, thereby accurately modeling indi-
vidual DoF characteristics while neglecting mutual coupling
and reducing the overall effectiveness in strongly coupled
scenarios.

Despite its clear advantages, unified DoF modularization
increased the computational complexity as the number of
DoFs increased, demanding higher computational resources.
Batch-separated conditioning could prove advantageous in
scenarios characterized by distinct DoF dynamics or moderate
coupling owing to reduced computational demands. Similarly,
independent modularization may be preferable when the DoFs
exhibit minimal interactions and strong independence.

The evident performance gap between the online and
offline-trained G-PID controllers could be attributed to
computational and algorithmic limitations inherent in the
online learning framework. In particular, online-trained G-PID
requires gradient-based updates at every time step, introducing
considerable computational overhead that can hinder real-
time applicability in control loops. Moreover, soft robotic
systems—particularly those with multi-DoF—are character-
ized by strong nonlinearities and inter-joint coupling, which
can cause substantial fluctuations in the learning gradient over
time. As online-trained G-PID relies on single-step updates, it
is highly sensitive to abrupt gradient variations, often resulting
in instability or suboptimal control performance.

In summary, although the strategies all eventually achieved
acceptable control performance with extended training, uni-
fied DoF modularization demonstrated the fastest convergence
and highest accuracy. Given these outcomes, employing an
offline-trained G-PID controller in conjunction with unified

DoF modularization is recommended, particularly for strongly
coupled multi-DoF soft robots, where rapid convergence and
high control accuracy are essential.

B. Offline-Trained G-PID Controller in Prototype
Experiment

Given that the adaptive controller was trained solely on
the 5.4 mm endoscope but tested on considerably different
instruments, the experimental results demonstrated that the
generator compensator successfully inferred and neutralized
instrument-specific disturbances that were absent from the
training dataset. This highlights the ability of the controller
to adaptively manage disturbances based on learned resid-
ual dynamics rather than merely fitting to specific training
geometries. Moreover, the simultaneous low errors evident
across both DoFs confirmed that the unified fusion strategy
could effectively handle the inter-chamber coupling dynamics.
Notably, no drift or cross-axis interference occurred, confirm-
ing robust adaptive compensation under real-time multi-DoF
conditions.

The settling time of approximately 6–7 s, which was longer
than the typical 0.2–3 s reported for gripper-type soft actuators,
can be attributed primarily to deliberate geometric constraints
rather than control performance limitations. In particular, the
actuator maintained a relatively large 7 mm internal working
channel designed to accommodate diverse surgical instru-
ments. This design reduced the available chamber volume and
decreased the internal volume-to-orifice ratio of the cham-
bers. Consequently, the pneumatic time constant increased,
necessitating higher absolute pressures (up to 100 kPa)
to achieve a substantial tip curvature. During initial infla-
tion, the thin chamber walls preferentially expanded inward
into the central channel before outward bending occurred,
further delaying effective curvature formation. Collectively,
these geometric constraints produced a slow, first-order-
like dynamic response, intensifying inter-chamber coupling
and highlighting the limitations of conventional PID control
(±1.5 mm errors). By contrast, the proposed offline-trained G-
PID controller consistently maintained errors below ±0.9 mm,
demonstrating its superior performance even under challenging
dynamic conditions.

Although slow actuator responses limited high-speed perfor-
mance, this constraint arose from the geometric and pneumatic
design rather than control limitations and is thus addressable.
Engineering solutions include optimizing the geometry to bal-
ance the working channel size and chamber volume, tailoring
the wall structure and materials, and employing high-flow
valves to reduce pneumatic delays. Control strategies such
as bounded-angle PID can further mitigate slow dynamics.
Notably, the proposed offline-trained G-PID maintained tip
errors below ±0.9 mm under current constraints, indicat-
ing that targeted hardware–control co-design could reduce
response times without compromising accuracy.

C. Limitations and Future Work

Despite these promising results, this study presents some
limitations that warrant further investigation. First, the experi-
mental validation was limited to planar bending tasks, leaving
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the robustness of the controller in more complex 3D maneu-
vers and prolonged surgical procedures with varying payloads
unverified. In addition, as the number of DoFs increases, the
computational burden introduced by the unified DoF fusion
framework may hinder real-time control, thereby highlight-
ing scalability concerns. Second, although the offline-trained
G-PID controller demonstrated improved adaptability, it cur-
rently lacks formal stability guarantees and requires manual
gain retuning during sim-to-real transfer. These limitations
restrict its robustness and responsiveness to intraoperative
variations in clinical scenarios. Moreover, neither a purely
offline nor online scheme is universally optimal; a practical
balance can be achieved, for example, by relying on the
offline-trained compensator under nominal tracking errors and
gradually increasing the contribution of an online adaptive
module only when persistent error growth or abrupt distur-
bances are detected. Finally, the 6–7 s settling time, although
acceptable for low-bandwidth surgical tasks (e.g., prostate
probing and laser ablation), is suboptimal for tasks requiring
higher dynamic responsiveness, primarily owing to the geo-
metric constraints from the narrow chamber design and the
resultant high pneumatic time constant.

Future work should address these limitations as follows:
1) Comprehensive experiments should encompass full-

range 3D surgical maneuvers and realistic surgical
payload scenarios.

2) Network compression methods (e.g., pruning and knowl-
edge distillation) should be applied to enhance the
real-time performance of higher-DoF robots.

3) Rigorous stability proofs and automated adaptive tuning
mechanisms (such as meta-learning or Bayesian opti-
mization) should be developed to improve intraoperative
adaptability and robustness.

4) Hardware optimization involving increased chamber
width and the integration of dual-line high-flow valves
should be conducted.

Preliminary finite element and CFD simulations predict that
these hardware refinements could reduce the pneumatic time
constant by ≥ 70%, targeting < 2 s (90% settling) while
preserving the required 7 mm working channel. Together, these
advances could ensure the safe, reliable, and clinically relevant
deployment of adaptive soft robotic controllers.

VI. CONCLUSION

In this study, an offline-trained GAN-augmented adaptive
control strategy (offline-trained G-PID) was tailored for multi-
DoF pneumatic soft surgical robots. Among the three evaluated
multi-DoF fusion strategies, the unified DoF modularization
strategy most effectively captured inter-chamber coupling,
consistently delivering submillimeter accuracy (< ±0.9 mm) in
tip position control across diverse clinical endoscopes. Proto-
type validations confirmed robust generalization to instruments
that were markedly different from the training configurations,
highlighting their enormous clinical potential. The proposed
GAN-based adaptive approach effectively addressed nonlinear-
ities and coupling dynamics, enabling real-time compensation
without explicit physical modeling. Future research should

focus on validating controller performance during prolonged
and complex surgical maneuvers, optimizing computational
scalability through network compression techniques, and inte-
grating formal stability proofs alongside automated adaptive
tuning to enhance clinical reliability. Overall, the proposed
offline-trained GAN-augmented adaptive control approach
provides a promising pathway for safer and more precise pneu-
matic soft robots in minimally invasive surgeries and broader
mechatronic systems with nonlinear and coupled dynamics.
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