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Abstract: Precise kinematic modeling is critical in calibration and controller design for soft
robots, yet remains a challenging issue due to their highly nonlinear and complex behaviors.
To tackle the issue, numerous data-driven machine learning approaches have been proposed for
modeling nonlinear dynamics. However, these models su�er from prediction uncertainty that
can negatively a�ect modeling accuracy, and uncertainty quanti�cation for kinematic modeling
in soft robots is underexplored. In this work, using limited simulation and real-world data,
we �rst investigate multiple linear and nonlinear machine learning models commonly used for
kinematic modeling of soft robots. The results reveal that nonlinear ensemble methods exhibit
the most robust generalization performance. We then develop a conformal kinematic modeling
framework for soft robots by utilizing split conformal prediction to quantify predictive position
uncertainty, ensuring distribution-free prediction intervals with a theoretical guarantee.
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1. INTRODUCTION
Soft robots have been shown to outperform rigid robots
with high 
exibility, compliance, and adaptability in com-
plex surrounding environments (Pinskier and Howard,
2022), which has motivated a broad range of research top-
ics ranging from control strategies to bioinspired design,
to further improve their utility (Pinskier and Howard,
2022). Emerging applications of soft robots include soft
grippers for handling fragile objects (Zhou et al., 2021),
mechanoreceptive sensing using soft sensors (Seo et al.,
2024), intelligent robotic perception (Wang et al., 2021),
and safe human-robot interaction (Wang et al., 2024).
Despite these successes, establishing accurate soft robotic
kinematic models remains a challenging topic, primarily
due to the complex yet unpredictable behaviors that stem
from structural compliance and viscoelasticity in the ma-
terial (Dou et al., 2021). These behaviors naturally lead to
highly nonlinear relationships between the system input
and output, demanding e�ective modeling techniques.

To attenuate the above issue, diverse modeling techniques
have been developed utilizing advances from various disci-
plines, such as continuum mechanics, geometrical models,
and discrete models (Armanini et al., 2023). Though they
can describe underlying kinematics properly, a substantial
amount of physics- and geometric-based knowledge is re-
quired, posing di�culties in fast and accurate modeling.
Machine learning (ML) models have recently attracted
considerable attention, as they are well-known in solving
nonlinear modeling problems. Relevant applications in soft
? This work was supported by the COALESCE: COntext Aware
LEarning for Sustainable CybEr-Agricultural Systems (CPS Frontier
#1954556).

robots include soft sensor calibration and positioning con-
trol of soft actuators (Abbasi et al., 2020), grasping (Arapi
et al., 2020), and motion planning (Jitosho et al., 2023).
Notably, deep learning (DL) models can also advance
modeling and control (Beaber et al., 2024) in this area,
but a large amount of data is required. In addition to this,
ML models lack interpretability, which until now has made
uncertainty quanti�cation di�cult.

To bridge the above gaps, in this work, we �rst con-
duct an extensive study on data-driven kinematic mod-
eling by using multiple linear and nonlinear ML meth-
ods, and apply the models to both simulation and real-
world datasets. One key �nding is that nonlinear ensemble
methods are performant and generalizable in predictive
positional modeling for soft robots. To ensure reliable
model prediction results, we developconformal kinematic
modeling by resorting to conformal prediction approaches
on selected nonlinear ensemble methods such that the
modeling uncertainty can be quanti�ed. The developed
conformal kinematic modeling method provably provides
a guaranteed coverage of the true positions of a soft robot
within a speci�ed prediction set, ensuring a certain level
of con�dence in the predictions. This lays the foundation
for more e�cient stochastic optimization and controller
design for soft robots.

2. PROBLEM FORMULATION
In this work, we consider a soft robot actuated with n
di�erent actuation commands denoted by u 2 Rn and with
m end e�ectors. We denote byx 2 R3m the true position
of m end e�ectors. The forward kinematics of the soft
robot is denoted asK f , mapping the actuation commands
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Fig. 1. Schematic diagram of system identi�cation of soft
robots.

u to estimated positions of end e�ectors denoted asx̂ .
Throughout the work, kinematics parameters are denoted
as � 2 Rd such that the forward kinematics is represented
by the following formula:

x̂ = K f (u; � ): (1)
If K f is described by physics-based knowledge and the
dimension of � is relatively low, the robot state can
be known with high accuracy. However, this requires
practitioners to gain such complicated knowledge a priori,
which is often not possible, especially with complicated
robots. Data-driven techniques may provide a way to learn
K f in a more generalized sense. Kinematic models of soft
robots involve structural and joint type parameters which
are typically de�ned separately in data-driven methods.
In this work, we do not explicitly de�ne them in K f , but
instead lump them together as� . Thus, given the data of
actuation commands and positionsf (u; x )g, we can train
data-driven methods to approximate K f .

Next, we conduct system identi�cation process, searching
for the optimal parameters � in K f to minimize an objec-
tive function, such as a distance metricL (x ; x̂ ) between
the true position x and the estimated position x̂ :

�̂ = argmin � 2 Rd E(u ;x )2D [L (x ; K f (u; � ))] ; (2)
where D is the collected dataset of actuation commands
and groundtruth positions (Figure 1). Eq. 2 is the so-called
expected risk minimization, where the distribution of D is
unknown, and practically infeasible to be solved. Thus, we
convert it to the popular empirical risk minimization :

�̂ = argmin � 2 Rd
1
N

X

(u ;x )2D

L (x ; K f (u; � )) ; (3)

where N is the size of datasetD. We can then adopt
gradient descent type of algorithms such as SGD or Adam
to solve Eq. 3. This is a regression task such that the
popular mean absolute error (MAE) or mean squared error
(MSE) is used to quantify L . The complexity of K f can
cause di�culties in �nding the globally optimal solution.
Thus, we apply di�erent categories of ML approaches, to
provide insights such as the impact of model complexity
on the regression performance when modeling soft robots.

3. METHODS

In this study, we employ four main classes of approaches
(Table 1). Predictions generated by ML models su�er from
uncertainty, which degrades the reliability of the result. To
quantify this uncertainty, here we introduce a technique
called conformal prediction (CP) (Romano et al., 2019),

and apply it to the studied ML regression models to
determine prediction intervals for kinematic state.

Table 1. Machine Learning Approaches

Type Method P.P. Inte. Linear

Linear LR Low High 3
LASSO Low High 3

Ensemble
RF High Low 7
GB High Low 7

XGB High Low 7

Kernel SVR Medium Medium 7
GP High Medium 7

NN MLP High Low 7

P.P.: predictive power, Inte.: interpretability, LR: linear regression,
RF: random forest, GB: gradient boosting, XGB: XGBoost, SVR:
support vector regressor, GP: Gaussian process, NN: neural network,
MLP: multi-layer perceptron.

CP allows us to produce prediction sets with a prede�ned
con�dence level, ensuring that true values lie within these
sets with a speci�ed probability. The key of CP is to
compute the nonconformity score, which measures how
di�erent a new sample (unew ; xnew ) is compared to a
set of previously observed samples (typically the training
set). Therefore, to establish a CP model, a nonconformity
measure� (e.g., absolute error between groundtruth and
prediction) needs to be de�ned to assign a nonconformity
score to each sample in datasetD. Following this, CP
methods resort to p-values calculated by nonconformity
scores to produce prediction sets. Speci�cally, thep-value
of a new sample (unew ; xnew ) can be computed by:

p(xnew ) =
jf (u i ; x i ) 2 D : � (u i ; x i ) � � (unew ; xnew )gj + 1

N + 1
;

(4)
Eq. 4 implies that the prediction set for the new sample
unew includes all candidate labels for which thep-value
exceeds a prede�ned signi�cance level. In this context,
we also notice that though CP and quantile regression
(QR) (Romano et al., 2019) share some common similari-
ties on generating prediction intervals, the key di�erence is
that CP provides a statistically guaranteed coverage prob-
ability for those intervals, regardless of the underlying data
distribution. GP and Bayesian Neural Network (BNN),
on the other hand, are probabilistic models that o�er
uncertainty estimates based on their inherent structure
and prior assumptions. CP is a post-processing technique,
meaning it can be applied to the output of any existing
model, while GP and BNN are integrated into the model
building process.

Building on CP, Split Conformal Prediction (SCP) im-
proves the computational e�ciency by avoiding repeated
calculations of the nonconformity score for the given
dataset. Instead, it is split into a training set and a cal-
ibration set. Analogously, the training set is used to �t
a predictive model, while the calibration set is adopted
for producing nonconformity scores, which measure the
discrepancy between the groundtruth and predictions.
Denote by Dtrain and Dcal the training and calibration
sets such that K f is trained on Dtrain . Subsequently,
its performance is evaluated onDcal by calculating the
nonconformity scores for each sample (u; x ) 2 D cal . The
nonconformity measure� for any sample is de�ned as:

� (u; x ) = jx � K f (u; � )j = jx � x̂ j: (5)



Fig. 2. Schematic diagram of conformal kinematic model-
ing for soft robots: predictions with uncertainty.

The score indicates the absolute error between the true
value x and the predicted value x̂ , which implies that the
larger � , the higher nonconformity between the observed
outcome and the model’s prediction.

Once the nonconformity scores are calculated for samples
in Dcal , we can select a quantile of these scores to establish
the prediction intervals for new samples. Let � be the
quantile which corresponds to the desired con�dence level
1 � � , where � 2 (0; 1) is a prede�ned percentage value.
For example, if � is set as 0.1, then at least 90% of samples
in Dcal will have nonconformity scores less than or equal
to � , securing a guarantee that prediction intervals will
cover true values with con�dence level 90%. The prediction
interval R 1� � for a new commandunew can be written as:

R 1� � (unew ) = [ K f (unew ; � ) � �; K f (unew ; � ) + � ] (6)
The interval in Eq. 6 indicates the range of possible
values for the position variable xnew that complies with
the nonconformity scores calculated fromDcal . Note that
SCP assumes the exchangeability among various sample,
which is a severe and often inapplicable limitation in some
cases such as timeseries data. To relax the exchange-
ability assumption in such applications, we can leverage
the Weighted CP (WCP) developed recently in (Barber
et al., 2023) However, given our experimental data, the
actuation-to-position mapping is time-independent, so we
use classical SCP.

As shown in Figure 2, given the dataD, we split it into
the training set Dtrain and the calibration set Dcal (in
practice, this can be the validation dataset). A pool of
ML model candidates are trained on Dtrain based on
the framework in Figure 1 to get performance metric
values, which act as the criterion to select the most
performant one for the subsequent conformal kinematic
modeling. Dcal is then used to calibrate the quantile �
by computing nonconformity scores of all samples in it,
with the prede�ned con�dence level � . Once a new sample
with actuation commands is provided, the corresponding
predictive position interval is obtained.

4. EXPERIMENTAL RESULTS AND DISCUSSION
Dataset: In this work, we resort to three datasets for
validating the developed conformal kinematic modeling
framework, including a pneumatic soft robot simulated
by ABAQUS, a tendon-driven soft �nger simulated by

Fig. 3. Cumulative Distribution Function for ABAQUS.

Elastica, and another tendon-driven soft �nger in a real-
world environment. These three datasets are fromYoon et
al. (Yoon, 2023), and we refer interested readers to the
associated research paper (Yoon et al., 2024) for more
details on how the datasets were generated and collected.

Each dataset consists of training, validation, testing and
extrapolation data subsets (Table 2). The di�erence be-
tween these data subsets lies in data distributions. Typi-
cally, data distributions between training and validation or
testing are much more similar than that between training
and extrapolation, which is evidently validated in Figure 3
(distribution from the other two datasets exhibit a similar
trend). The plot shows the cumulative distribution func-
tion for output Position 3 (a selected coordinate) across
validation, testing, and extrapolation data. Signi�cant dis-
tribution drift between validation/testing and extrapola-
tion explains inference di�culty on extrapolation data.

For each dataset, the input comprises motor commands,
while the outputs are three-dimensional position coordi-
nates. Each feature represents either one command or
coordinate respectively. For example, the number of input
features for ABAQUS is three, indicating three motor com-
mands. Likewise, the number of output features indicate
totally seven end e�ectors, as each end e�ector has three-
dimensional position coordinates. Therefore, the problem
in Eq. 3 becomes a multi-input and multi-output (MIMO)
regression problem.

Table 2. Data Description

Data Subset Size # of IF # of OF

ABAQUS (S)

Tra. 3160 3 21
Val. 395 3 21
Tes. 395 3 21
Ext. 1694 3 21

ELASTICA (S)

Tra. 1120 2 3
Val. 140 2 3
Tes. 140 2 3
Ext. 600 2 3

FINGER (R)

Tra. 704 2 3
Val. 88 2 3
Tes. 89 2 3
Ext. 378 2 3

S: simulation, R: real-world, Tra.: training, Val.: validation, Tes.:
test, Ext: extrapolation, IF: input features, OF: output features.

Metrics: To assess machine learning models’ perfor-
mance, we use the metrics of root mean squared error
(RMSE:

q
1
n

P n
i =1 (x i � x̂ i )2), mean absolute error (MAE:



1
n

P n
i =1 jx i � x̂ i j), R2 (1 �

P n

i =1
(x i � x̂ i )2

P n

i =1
(x i � �x i )2 ), and mean abso-

lute percentage error (MAPE: 1
n

P n
i =1 j x i � x̂ i

x i
j � 100%). x i

is the true value, x̂ i is the prediction, and �x i is the average
of true values. To evaluate conformal kinematic modeling
performance, we utilize two metrics, including coverage
and Mean Winkler Interval Score (Winkler, 1972). The
coverage is the empirical percentage of true values con-
tained in the prediction sets for either testing or extrapo-
lation data. For each true scalar valuey, Winkler Interval
Score is de�ned as follows:

W� =

8
>>><

>>>:

vu � vl +
2
�

(vl � y) if y < v l

vu � vl vl � y � vu

vu � vl +
2
�

(y � vu ) if y > v u

; (7)

where vu is the upper prediction interval, vl is the lower
prediction interval, and � is the the probability of a
prediction interval failing to contain the true value. Given
a sequence of each position feature, the Mean Winkler
Interval Score is the mean of Winkler Interval Scores of
all true values. In this work, we set � = 0 :1 and apply this
to the quantile setting for all uncertainty quanti�cation
models. Hyperparameters were manually tuned for near-
optimal performance, though optimization methods could
yield further improvements. " in this work means that the
higher value is the better, while # the lower the better.
There are two sides for a targeted position such that a
negative value in the following results means the opposite
side relative to the original one.

System Identi�cation Performance. We evaluate ma-
chine learning models in Table 1 on the three datasets and
show the summary of results in Tables 3 to 5. Overall, the
GB and XGB are the most robust performers generalizing
trained models to testing and extrapolation phases among
various models across di�erent datasets. Though LR and
GP are notably competitive to GB/XGB for ABAQUS,
as shown in Figure 5, they perform poorly for the real-
world data FINGER, particularly on the extrapolation
data. Despite the performance degradation for all models
when testing on extrapolation data, GB/XGB remains
more robust against distribution drifts in general.

Remarkably, GB/XGB outshine other models when look-
ing into RMSE, MAE, and MAPE for the testing data
of ELASTICA (Table 4). This is attributed to combining
multiple weak learners to create a strong model and the
regularization techniques to prevent over�tting and im-
prove model generalization. For di�erent model categories,
linear models rank the worst based on results, which is
also empirically supported by Figure 5 (larger deviation
from ground truth). In particular, for the FINGER data,
LR and LASSO fail to learn the underlying relationship
between motor commands and positions. LASSO performs
the worst because its penalty forces some of coe�cients
quickly to zero, leading to the poor sparsity that causes
inability to learn the complex relationship.

Though RF is also an ensemble method as GB and XGB,
its performance is much worse across diverse data due to
its lack of regularization techniques, such as in Figures 4
and 5. Also, RF combines results from multiple trees
that most likely saturate in each prediction. Kernel-based

methods such as SVR and GP degrade their performance
when moving from testing to extrapolation data owing to
the data distribution drift. When turning to MLP, we have
observed that it performs moderately across all methods.
Compared to other models, MLP has more number of
parameters, thus requiring a large amount of data for a
well-trained model. To summarize, ensemble methods like
GB and XGB are the best model candidates for kinematic
modeling in soft robots. Thus, we select GB as the model
to proceed on the conformal kinematic modeling.

Table 3. Comparison on ABAQUS

Testing
Method RMSE ( #) MAE ( #) R2 (" ) MAPE ( #)

LR 2.89 1.10 0.991 0.32%
LASSO 6.09 4.80 0.966 2.27%

RF 14.97 12.27 0.810 5.76%
GB 2.05 1.37 0.996 0.64%

XGB 2.08 1.41 0.997 0.63%
SVR 2.71 1.45 0.994 0.65%
GP 2.89 1.10 0.991 0.32%

MLP 3.13 1.90 0.899 0.94%
Extrapolation

Method RMSE ( #) MAE ( #) R2 (" ) MAPE ( #)
LR 3.29 2.02 0.971 0.32%

LASSO 10.68 9.05 0.843 2.53%
RF 33.98 30.10 -0.824 10.08%
GB 17.73 15.73 0.501 5.25%

XGB 17.38 15.33 0.505 5.17%
SVR 22.20 16.98 0.178 5.65%
GP 3.29 2.03 0.972 0.32%

MLP 4.87 3.80 0.866 1.14%

Table 4. Comparison on ELASTICA

Testing
Method RMSE ( #) MAE ( #) R2 (" ) MAPE ( #)

LR 0.86 0.77 0.693 1.39%
LASSO 2.05 1.82 0.673 8.17%

RF 6.41 5.03 0.649 90.02%
GB 0.007 0.005 0.999 5.57e-3%

XGB 0.0005 0.0003 0.999 2.53e-3%
SVR 1.00 0.88 0.993 9.69%
GP 0.86 0.77 0.693 1.39%

MLP 2.21 1.77 0.772 9.67%
Extrapolation

Method RMSE ( #) MAE ( #) R2 (" ) MAPE ( #)
LR 3.59 3.30 -2.038 4.35%

LASSO 4.50 4.18 -1.965 7.30%
RF 16.29 14.92 -2.303 63.41%
GB 4.00 3.30 -0.048 10.33%

XGB 4.80 4.23 -0.438 13.04%
SVR 13.03 11.29 -0.130 33.54%
GP 3.58 3.30 -2.038 4.32%

MLP 6.36 5.78 -1.346 15.28%

Conformal Prediction. Soft robots have structural
compliance and viscoelasticity, hindering precise kine-
matic modeling. Therefore, quantifying kinematic mod-
eling uncertainty becomes important. As discussed be-
fore, SCP can provide us with a statistically valid
prediction interval that informs us a certain proba-
bility that a true value is contained in that inter-
val. To compare SCP to existing methods, we use QR
and conformalized QR (CQR) (Romano et al., 2019).
For SCP, we adopt two popular packages: MAPIE and
CREPES (Uddin and Lofstrom, 2023). Results in Table 6



(a) Testing data.

(b) Extrapolation data.

Fig. 4. Position Curve between ground truth and predic-
tions by di�erent methods for Position 3 in the output
for ABAQUS.

with testing data from all datasets show that SCP yields
the best performance for coverage and Winkler score.
The improvement (coverage/Winkler) for three di�erent
datasets (ABAQUS/ELASTICA/FINGER) is 23%/41%,
23%/57%, and 27%/73%. Compared to QR, SCP does not
require any distributional assumptions to guarantee cov-
erage. Additionally, QR intervals may not be calibrated,

Table 5. Comparison FINGER

Testing
Method RMSE ( #) MAE ( #) R2 (" ) MAPE ( #)

LR 4.33 3.64 0.659 86.92%
LASSO 4.89 4.15 0.629 112.58%

RF 7.65 5.85 0.633 70.96%
GB 1.59 1.25 0.986 50.47%

XGB 1.80 1.41 0.983 28.92%
SVR 1.40 1.14 0.989 42.80%
GP 4.32 3.64 0.659 86.92%

MLP 6.54 5.39 0.678 85.82%
Extrapolation

Method RMSE ( #) MAE ( #) R2 (" ) MAPE ( #)
LR 10.10 9.30 -6.678 114.73%

LASSO 9.39 8.44 -6.647 150.43%
RF 19.18 16.47 -5.614 124.62%
GB 5.40 4.28 0.215 71.80%

XGB 5.91 4.83 -0.312 64.89%
SVR 9.12 7.13 0.251 70.28%
GP 10.09 9.29 -6.678 114.64%

MLP 12.02 10.41 -3.971 39.54%

(a) Testing data.

(b) Extrapolation data.

Fig. 5. Position Curve between ground truth and predic-
tions by di�erent methods for Position 2 in the output
for FINGER

meaning the actual coverage might be o� from the desired
level. CQR outperforms QR, suggesting that calibration
assists in prediction performance. When comparing two
versions of SCP, we can observe that the one associ-
ated with MAPIE performs slightly better than that in
CREPES, as the former is suitable for complex tasks where
underlying relationships are highly nonlinear (Figure 6).
One immediate observation is that SCP produces narrower
prediction intervals, empirically validating that conformal
kinematic modeling for soft robots are more reliable than
using the popular QR.

5. CONCLUSIONS AND FUTURE DIRECTIONS
For soft robot kinematics, ensemble methods (GB, XGB)
showed robustness to data drift. Addressing unreliable
modeling, we built conformal kinematic models via split
conformal prediction. These models outperformed quantile

Table 6. Comparison between conformal pre-
diction and quantiled regression models

Data Metric QR CQR SCP (M) SCP (C)

ABA. Coverage (" ) 0.80 0.93 0.98 0.93
Winkler score ( #) 3.12 3.03 1.96 1.85

ELA. Coverage (" ) 0.81 0.91 1.00 0.99
Winkler score ( #) 4.83 4.83 2.18 2.06

FIN. Coverage (" ) 0.78 0.90 0.99 0.83
Winkler score ( #) 10.39 9.93 2.97 2.84

ABA.: ABAQUS, ELA.: ELASTICA, FIN.: FINGER, M: MAPIE,
C: CREPES.



(a) QR.

(b) CQR.

(c) SCP (MAPIE).

(d) SCP (CREPES).

Fig. 6. Conformal prediction performance with ABAQUS
testing data for Position 3.

regression, yielding higher coverage and lower mean Win-
kler scores. This framework enables reliable data-driven
kinematics and e�cient stochastic controller design.
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