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Abstract— Robotic adaptation to unanticipated operating
conditions is crucial to achieving persistence and robustness
in complex real world settings. For a wide range of cutting-
edge robotic systems, such as micro- and nano-scale robots, soft
robots, medical robots, and bio-hybrid robots, it is infeasible to
anticipate the operating environment a priori due to complex-
ities that arise from numerous factors including imprecision
in manufacturing, chemo-mechanical forces, and poorly under-
stood contact mechanics. Drawing inspiration from data-driven
modeling, geometric mechanics (or gauge theory), and adaptive
control, we employ an adaptive system identification framework
and demonstrate its efficacy in enhancing the performance of
principally kinematic locomotors (those governed by Rayleigh
dissipation or zero momentum conservation). We showcase the
capability of the adaptive model to efficiently accommodate
varying terrains and iteratively modified behaviors within a
behavior optimization framework. This provides both the ability
to improve fundamental behaviors and perform motion tracking
to precision. Notably, we are capable of optimizing the gaits of
the Purcell swimmer using approximately 10 cycles per link,
which for the nine-link Purcell swimmer provides a factor
of ten improvement in optimization speed over the state of
the art. Beyond simply a computational speed up, this ten-
fold improvement may enable this method to be successfully
deployed for in-situ behavior refinement, injury recovery, and
terrain adaptation, particularly in domains where simulations
provide poor guides for the real world.

I. INTRODUCTION

The field of robotics has experienced significant advance-
ments over the past few decades, evolving from systems
designed for explicit situations into more generalizable and
versatile machines. This transformation has been driven by
the ever-growing demand for robots that are capable of
interacting with dynamic and unstructured environments. In
many such environments, learning from in-situ experiences
is crucial to functioning in the field. These challenges are
particularly evident for systems with high internal degrees
of freedom and complex system-environment interactions,
where subtle changes in environmental characteristics can
drive fundamental differences in emergent behavior.

Current paradigms of motion control are not ideally suited
to attaining precision in these unstructured settings. Tra-
ditional bottom-up, model predictive approaches to robotic
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control heavily rely on explicit accounting of physical quan-
tities which can be derived from first principles or hand-
crafted to the desired precision of the user [1], [2]. Adaptive
system identification extends models to react to anticipated
changes in the model. The rate and quality of adaptation
are affected strongly by the assumptions about observable
perturbations of the model [3]–[5]. In general, these methods
are ineffective when either (a) the range of assumed adapta-
tions is so large that overfitting occurs or (b) the assumptions
are too specific such that violations of the assumptions are
common. More recent approaches to motion control include
reinforcement learning and deep learning approaches, both of
which require large, infrastructurally cumbersome quantities
of training data (simulated or real) [6]–[8]. Here, the robot is
particularly ill-suited to succeed in unanticipated scenarios,
since (by definition) they would not be included in the
training set. Efforts in domain randomization have yielded
reinforcement learning agents more capable of generalization
and sim-to-real transfer, but often at the expense of achieving
precise mastery of individual domains [9], [10]. Learning
frameworks such dynamic mixtures of experts [11], [12]
attempt to achieve robustness and precision with distributed
expertise, but the computation for these experts to both
decouple from each others’ domains and refine individual
expertise has not yet been designed for real-time adap-
tation in complex fielded environments. Adaptive control,
reinforcement learning, and deep learning architectures are
not designed to rapidly and precisely handle unanticipated
changes to the dynamics.

This limits our ability to advance robots to new application
spaces that can handle complexities such as customized
body parts, imprecise fabrications, and poorly character-
ized environments. Such considerations are crucial for soft
robots [13], [14], nano-robots [15], medical robots [16],
and bio-hybrid robots [17], as each are subject to these
considerations. In this work, we use an adaptive system
identification framework to leverage the top-down model-
ing insights of geometric mechanics [18]. This permits a
framework for adaptation that captures the general space of
possible dynamics changes within a class of physics, but
it is representationally compact enough to be fit rapidly to
data in situ. The result enables adapting motion models
to distinctly new regimes without knowing a priori the
nature of that change (e.g. a substrate change, morphology
change, or weight distribution change). The assumptions
made are that the dissipative nature of the physics persists
and that the recent history of the behavior is evolving in a
homogeneous environment. The key contribution of our work
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is that empirical modeling is enhanced to update dynamically
in subsecond time with new observations (shape and body
velocity), permitting rapid adaptation to abrupt, unanticipated
changes in robot morphology, weight distribution, or sub-
strate conditions.

We restrict our attention in this work to systems that are
principally kinematic [19], a property developed in the geo-
metric mechanics community that describes the locomotion
of systems governed by dissipative forces or conservation
of zero momentum. These systems enjoy an exploitable
reduction from second-order mechanical dynamics to ones
that possess a first-order structure, namely a linear mapping
from internal configuration (shape) velocity to body velocity.
Recent work has shown that this reduction provides a reduced
computational structure for fitting robot models that are
broadly descriptive of many classes of animal and robot
behaviors [20], [21]. These works have established that
many robot and animal behaviors are describable by the
space of dissipative models, which span a dense and broad
variety of animal morphologies, weight distributions, and
environmental substrates. Bittner et al. [18] introduced a
data-driven method for constructing a local model in the
neighborhood of an observed gait. This method relies on data
points collected from stochastically perturbed and iteratively
repeated behaviors. The ability to construct local models
makes it possible to sample candidate gaits offline, which
provides an opportunity for sample efficient gait optimization
as well as gait modulations for continuous gait control [22].

Here, we capitalize on the use of adaptive filters in
constructing the aforementioned local models in real time.
The advantages of this reframing are multifold. In this
continuously updating paradigm, the model automatically
adapts to changes in physical interactions dynamically, rather
than awaiting a batch update as in prior work. This actively
updated model enables tracking of the model confidence,
which is crucial in determining how much empirical data is
required to obtain a model with acceptable prediction quality
for behavior refinement and control. We show that the rate
and quality of adaptation permit refinements of behaviors to
master unanticipated environments with speed and precision.
We discuss that as internal complexity is added to the system,
we encounter situations where engineering decisions between
speed and reliable precision need to be made.

Next, we will provide technical background on the adap-
tive filters, followed by a description of the filter which
takes a recursive formulation. We follow this with several
experiments that demonstrate the performance of the adaptive
filter, noting its accuracy in capturing the dynamics of the
principally kinematic Purcell swimmer through a regime
change from low drag ratio to high drag ratio swimming.
Finally, we offer points of discussion and our conclusions on
the performance and implications of the proposed approach.

II. BACKGROUND

The mathematical framework used to capture the motion
model of principally kinematic systems is covered here. We

also discuss prior efforts to model these systems from data
and their current limitations.

A. Principally Kinematic Systems

The field of geometric mechanics [23] [24] [25] has pur-
sued the applications of symmetries to mechanics. In many
cases, these applications result in reduced computational
structures for system representation and analysis. One such
insight is the reduced Lagrangian or reconstruction equation,
which writes the mechanics of the systems using three dis-
tinct equations describing the generalized momentum, body
velocity, and shape dynamics of the system. Notably, these
equations describe the interactions of general second-order
systems in ways that one can infer in fundamentally different
ways than classical rigid body dynamics formulations. This
representation leans on a key symmetry that the environment
remains homogeneous, such that, for example, the body
velocity equation remains a constant function of shape, shape
velocity, and momentum, no matter where you place the
object in the environment.

In this work, we will pursue an adaptation scheme that
applies to a subclass of these systems. Here, we focus
on principally kinematic systems. Commonly, these can be
observed as systems where dissipative forces dominate the
dynamics [26]. Recent work has suggested this class of
dissipation model, despite its simplicity, is highly descriptive
of a broad class of robots and animals [20], [21]. Principally
kinematic systems are also observed where conservation of
zero momentum drives the physics [27]. These scenarios are
less commonly observed but applicable to orbital manipu-
lation. In principally kinematic systems, the equations of
motion can be reduced, resulting in a shape-defined linear
mapping from shape velocity to body velocity. The resulting
model is

ξ = −A(r)ṙ, (1)

where ξ is the body velocity, r is the internal configura-
tion, and A(r) is the linear mapping termed a connection.
In situations concerning momentum conservation, we use
the phrasing mechanical connection, whereas in dissipative
regimes the term viscous connection is applied.

B. Data-driven methods for geometric systems

Bittner et al. [18] developed a data-driven approach to
geometric modeling and optimization of these principally
kinematic systems. The approaches provide in-situ system
identification of various classes of platforms by locally
modeling behaviors by observing approximately repeated
cycles of the behavior. The variance in the repetition provides
regularly sampled time series data that can be fit to a
generalized oscillator such that all observed samples are
assigned an asymptotic phase. Within phase windows, a
linearization of the connection is fit to this data, organized
with respect to an average behavior or limit cycle fit using
the asymptotic phase. Across these phase windows, model
coefficients provide input to a Fourier series fit which pro-
vides a linearized model that can be sampled as a function of
phase. Perturbations from the average behavior are computed
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as δ := r − θ, where θ provides a shape on the limit cycle
as a function of phase. The first-order Taylor approximation
of the connection is computed as

Ak(r) ≈ Ak(θ) + δT
∂Ak

∂r
, (2)

where k denotes rows of the connection matrix.
Samples are grouped into overlapping phase bins. The size

of these bins is a heuristic that can strongly affect model
quality. Large phase bins give the data set larger insight into
dynamics farther along or behind in the cycle. The result of
large phase bins is often less overfitting globally, but also less
accuracy locally in the phase bin of interest. The regression
takes the form

ξ
(n)
k ∼ Ck +Bkδ

(n) +Ak(θ)δ̇
(n) + δT (n) ∂Ak

∂r
δ̇(n), (3)

where k provides the output dimension, n is the sample
number. These regressions take place in phase windows
centered about a phase-defined shape on the limit cycle,
θm. This model is fitted in phase windows across the cycle
and then fitted to a Fourier series, providing a phase-queried
linearization of approximately repeated behaviors.

The initial limitations of this approach involved its applica-
bility to systems with momentum. Follow-up work was done
to capture and model the behavior of systems with dissipating
momentum while maintaining a first-order prediction struc-
ture [28]. Additional follow-on work extended these models
to principally kinematic systems that do not possess high
bandwidth control of their shape dynamics. Initial extensions
addressed systems with high bandwidth control of a subset
of the entire shape space [29] but eventually worked towards
addressing systems with low bandwidth control of shape
variables [30]. In this paper, we explore an extension to
the initial work [18] that permits real-time updates for in-
situ modeling and adaptation in the field. Simultaneously,
we work directly towards the overall architecture that can
support these extensions into adjacent geometric domains.

III. METHODS

The two core methods of our implementation are presented
here. One method involves an adaptive filter for data-driven
geometric mechanics that takes a recursive formulation
such that it is updatable in real-time for fielded platforms.
The second method covers prediction quality metrics, also
computable in real-time, which provide guides for when
these adaptive models are suitable for trajectory tracking or
informing behavior refinements. We also cover a stochastic
perturbation scheme for generating approximately repeated
behaviors, which is the means by which we generate local
behavior data for modeling.

A. Adaptive Filters

Our method employs adaptive filters, which are widely
used in system identification. These filters are designed to
estimate the parameters of a linear model by recursively
updating the weights as new data samples are available. The
main usage of adaptive filters in system identification is that

they can track time-varying systems and adapt to changes in
the underlying process. Recursive Least Square (RLS) filters
are a class of adaptive filters that specifically minimize the
mean square error of the predicted filter output and the actual
system output (measurements) [31]. Instead of collecting
samples in batches and then fitting a model, we designed a
cluster of adaptive filters on top of the data-driven modeling
framework so that the model can be updated simultaneously
as samples are collected. RLS filters fit the role directly in
the linear regression problem in (3).

In this work, we restrict our attention to approximately
cyclic behaviors. For such behaviors, phase is a useful tool
through which to organize behavioral data into localized
partitions. In phase coordinate, namely S1, the nominal gait
is written as θ(·); and phase windows with the same width
are set up equally spaced along S1. The phase window
indexed at m is defined as [ϕm − ∆ϕ

2 , ϕ
m + ∆ϕ

2 ], centered
at ϕm with a width of ∆ϕ. The nominal gait at the mth

window center is denoted θm with its derivative θ̇m. In each
phase window, an RLS filter is constructed for each system
output, body velocities ξk. For example, a system operating
on SE(2) should have three independent RLS filters in the
same phase window, corresponding to its three-dimensional
body velocity. Every time a new sample is collected, all filters
whose corresponding phase windows cover the sample’s
phase value are updated as follows:

...
ξk
ξk
ξk
...

 =



...
1, δm−1, δ̇m−1, δm−1 ⊗ δ̇m−1

1, δm , δ̇m , δm ⊗ δ̇m

1, δm+1, δ̇m+1, δm+1 ⊗ δ̇m+1

...

·


...
wm−1

k

wm
k

wm+1
k
...



T

(4)
Here, ξk is the desired value of the kth body velocity,

δm := r−θm, δ̇m := ṙ−θ̇m are the shape and shape velocity
perturbation samples defined in the mth phase window. wm

k

is the weight vector of the kth RLS filter in the mth phase
window, where the dimension is 1 + 2d + d2, d being
the dimension of the system shape. The regressor matrix
is constructed by stacking the shape and shape velocity
perturbation samples in all phase windows that cover the
sample’s phase value. The full model of the system is
constructed by combining all the filter weights and smoothed
along ϕ by a Fourier series.

An important parameter in the RLS filter algorithm is
the forgetting factor λRLS ∈ (0, 1), which gives exponen-
tially less weight to older samples. The forgetting factor,
in combination with other parameters (e.g. phase window
width and spacing, data sampling rate in terms of phase),
determines how much data is effectively in the memory of
the model. This number can be tuned for the robustness vs.
adaptability trade-off, where larger memory results in a more
stable model while being slower to adapt to real changes.

B. Model Metrics

We evaluate the first-order data-driven model by compar-
ing its prediction error to that of the baseline phase model
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as in prior work [29]:

Γ = 1−
∑N

n=1 ∥ξ
(n)
D − ξ(n)∥∑N

n=1 ∥ξ
(n)
T − ξ(n)∥

. (5)

ξ(n) is the body velocity from the nth collected sample,
ξ
(n)
D and ξ

(n)
T denote the data-driven and phase (baseline

comparison) model predictions for this velocity. The baseline
phase model is effectively the zeroth order approximation, in
other words, phase averaged behavior of the seen data.

In an online situation, it is important to keep track of a
measure that gives a level of confidence to the model. This
moving metric can be used as a criterion for determining
whether the model has converged and can be used with
confidence. This metric is actively updated as new samples
are collected as the following,

ψ
(n)
D = λΓ · ψ(n−1)

D + ∥ξ(n)D − ξ(n)∥
ψ
(n)
T = λΓ · ψ(n−1)

T + ∥ξ(n)T − ξ(n)∥

Γ = 1−
ψ
(n)
D

ψ
(n)
T

.

(6)

Here, λΓ ∈ (0, 1) is the forgetting factor, which is set
to be nearly 1. This number determines how heavily new
samples are weighted towards the measure and how fast the
history of the metric fades away. Similar to the forgetting
factor λRLS in the RLS algorithm, λΓ (together with other
parameters) effectively controls how much history the metric
Γ is carrying. For convenience, we will later refer a relatively
‘rapid’ forgetting factor to λ’s further away from 1, and a
‘slow’ forgetting factor to λ’s closer to 1.

C. Online Noise Generation

The data-driven modeling framework needs to have good
coverage of both shape and shape velocity around the nom-
inal gait. Hence, we need to generate perturbations in the
neighborhood of the nominal gait while commanding the
system in real-time.

To ensure the relative smoothness of the generated shape
trajectory, we employed a second-order stochastic differential
equation (SDE) as a smoothing filter,

dδ̇ = −(αδ̇ + βδ)dt+ η · dW (7)

where η is the brownian noise amplifier coefficient, α and
β are the attraction coefficients that are kept positive, and
dW is the Wiener process. The noise generated by this
SDE is a smoothed first-order perturbation on the system
shape velocity, which also ensures that the resulting shape
trajectory is pulled back to the nominal gait over time.

IV. ACCURACY OF ADAPTIVE GEOMETRIC MODELING

We first seek to demonstrate the speed and precision
through which RLS can estimate geometric models of lo-
comotion in real time, provided access to ground truth
history of shape and body velocity data. We demonstrate
the method’s performance first on a toy locomotion system,
the Purcell swimmer [32], whose local connection can be
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Fig. 1. The Purcell swimmer incrementally experiences more stochastically
perturbed cycles in a new operating environment. Model metrics of the
batch model (green) and adaptive model (red) are evaluated for their
predictive performance at that point in the experiment on a hold-out
test set of 40 cycles (for 100 pairs of training and testing trials). The
model metrics for both methods are shown in boxplots where each box
corresponds to 5, 25, 50, 75, 95 percentiles of a model trained with the first
n ∈ [5, 10, 15, 20, 25, 30, 35, 40] cycles of data experienced.

analytically derived [33], [34]. This low Reynolds swimmer
is a classical example of a principally kinematic system,
so its locomotion is explained entirely by our modeling
assumptions.

Selecting the right data size for the batch model is impor-
tant in balancing data efficiency and model accuracy, and it is
not easily generalizable for arbitrary systems. One advantage
of the adaptive model is that it can keep track of the model’s
accuracy in real time so that there is no need to guess a data
size as in the batch model. We compared our adaptive models
to the batch model mentioned in II-B, in terms of model
metrics Γ covered in III-B. Again, Γ captures the knowledge
of the model beyond 0 (the phase-averaged behavior) up to
1 (full reconstruction of the ground truth). We generated 200
trials of 40 cycles of noisy shape trajectories as mentioned in
III-C. We split the data in half, selecting two 40 cycle trials
at a time (100 pairs) and evaluating the model computed
on the training set against the held out 40 cycle test set.
In Fig. 1, the model accuracies are plotted with respect to
the robot’s experience throughout the trial. This informs us
how the prediction quality grows as the robot’s experience
grows. The model metrics are shown in boxplots where
each box corresponds to 5, 25, 50, 75, 95 percentiles of a
model trained with the first n ∈ [5, 10, 15, 20, 25, 30, 35, 40]
cycles of data collected and tested on the holdout set. When
learning from no history, the adaptive model is capable of
obtaining an accuracy of Γ > 0.4 in 5 cycles, meaning that
it can understand forty percent of all perturbations from the
limit cycle. This nears the approximate convergent prediction
quality of both methods after 40 cycles. The adaptive model
metrics are computed continuously, and so are available in
between the discretely updated batch model.

The adaptive model performs relatively well even when
there are relatively few samples, whereas the batch model
performs best with large datasets. The variation in model
quality over the duration of the 40 cycles for the adaptive
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Fig. 2. The predictive quality of the adaptive models (blue, λRLS = 0.99,
and orange, (λRLS = 0.7)) and batch model (green) are compared
throughout environmental changes experienced by the Purcell swimmer.
Each model is trained with 40 cycles of data collected in ‘Env 1’. In this test,
the system is unknowingly exposed to two other environments, where each
environment consists of 40 cycles of data. We changed the drag coefficient
ratio experienced on the links for the environment changes, where this ratio
is 2.0, 3.0, 4.0, respectively for environments 1, 2, and 3. The batch model
(which is never recomputed during the trial) has constant large predictive
errors on new substrates. The adaptive model is refined each time a sample
is collected and can adapt to the new environments relatively quickly. We
note that the forgetful model has a faster adaptation rate but achieves lower,
less stable prediction quality throughout the trial.

method speaks to the overfitting produced by the recency
bias of the measurements.

Forgetting factors are designed to help weight current (and
possibly different) domains more highly, but will also lead
the model to potentially overweight data that it has seen more
recently. The batch model considers all samples equally,
and it is thus less prone to overfitting. Next, we revisit the
forgetting factor as a key enabler for the swimmer to regain
predictive power on new, unanticipated substrates Fig. 2.

V. ADAPTATION TO CHANGING ENVIRONMENTS

In the derivation of the Purcell swimmer’s connection
matrix (which defines its mapping from shape velocity to
body velocity), the ratio of lateral and longitudinal drag
coefficients [35] directly affects the nature of locomotion.
When the drag ratio is 1, the system is unable to exploit the
asymmetry of drag to create motion and is unable to displace
its center of mass. When the drag ratio approaches infinite,
each link acts like a non-slip wheel, allowing it to move
farther per cycle than when the drag ratio is classically set
to 2.

By altering this drag ratio, we are able to change the phys-
ical interactions and test our adaptive method. We trained
the batch and adaptive models with data sampled at the
classical drag ratio and then adjusted the ratio over a series of
interventions. We track the speed and precision with which
each model adapts in Figure 2. The log prediction error
shows that the adaptive model is able to converge to a higher
accuracy steady state prediction and does so more quickly
than the batch model. The forgetting factor modulates the
rate of adaptation, but in this trial, there appears to be a
relationship between adaptation rate and overfitting of the
model, which is consistent with our discussion of forgetting
factors in IV.

Command Gen

gait (p) + noise
Robot / Simulation

Adaptive model

model

sample

updated
gait (p')

Optimization
model

Model criterion

Fig. 3. Above we lay out an optimization architecture for behavior
refinement. (Top Level) The optimization will attempt to improve behaviors
only when it receives a high enough prediction confidence from the adaptive
model. (Middle Level) The adaptive model recursively updates from real-
world interactions, also producing an estimate of its model confidence in
real-time (quantified as Γ). (Bottom Level) A nominal gait, parameterized
as p, is given to the Command Gen module, which generates stochastic
perturbations around the nominal gait.

VI. IN-SITU GAIT OPTIMIZATION WITH ADAPTIVE
GEOMETRIC MODELING

Here we show that sample-sample refinements of the
adaptive model allow for accelerated exploitation of policy
gradients for rapid behavior optimization. A gait optimization
in the experiments considered starts with an initial nominal
gait, where the system is commanded to move in the neigh-
borhood of the nominal gait using noise signals generated
online (see sec. III-C). In past work, gait optimization for
kinematic systems involved collecting a 30-cycle model,
building a batch model (identical to that used as a baseline
in Section IV), and using that model to step along a policy
gradient in the gait parameter space. 30 iterations typically
resulted in convergence for the nine-link Purcell swimming
totaling 900 total cycles [18]. In this work, we update the
adaptive model until we reach an accuracy threshold of
Γ = 1

2 (taken over all prior cycles of the current iteration),
and then step along the gradient of the policy to select the
next set of gait parameters to evaluate. By this architecture,
we can ensure that we use the adaptive models to refine the
behavior as soon as they provide an accurate landscape of
the local dynamics. Since each iteration of the optimization
only locally changes the dynamics, we expect the RLS filters
to smoothly recalibrate the model weights to adapt to the
shifted domain of the shape space. In particular, we managed
to obtain faster convergence by updating the zeroth order
model (the first element in each RLS weights w[0]) using
previous model predictions on the new gait.

w′
k[0] = [1,0,0,0] ·w′

k = [1,∆θ,∆θ̇,∆θ ⊗∆θ̇] ·wk (8)

Here, the subscript k is the kth body velocity, ∆θ = θ′ − θ
is the difference between the new and old nominal gaits,
and w′

k[0] is the first element of the model weights (which
captures the phase averaged behavior of the new nominal
gait). The rest of the weights are left unchanged because we
assume that the new nominal gait shares some variational
relationships with the prior gait due to their proximity in the
shape space. This provides a seeded model which we assume
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Fig. 4. Gait optimization results for Purcell swimmers using the adaptive
model optimizer. (A) The three-link Purcell swimmer can refine its gaits
from grey to black, optimizing in 40 cycles of experience. 50 trials of
the (B) three-link Purcell, (C) five-link Purcell swimmer, and (D) nine-
link Purcell swimmer optimization for extremality, with current progress
plotted throughout the experience of the trial. Relative performance in
displacement per cycle is shown compared to the initial behavior, with
[5,50,95] percentiles of performance plotted throughout and [5,25,50,75,95]
percentile boxplots provided for the end of the run. The width of the
boxplot indicates the number of cycles executed before reaching the final
performance value.

will require less refinement for the RLS adaptation. This
zeroth-order term update is equivalent to a Taylor polynomial
rebase. The full optimization pipeline is shown in Fig. 3.

Figure 4 covers an application of this architecture to
the Purcell swimmer. We repeat the optimization 50 times
such that we can observe the range of performance and the
repeatability of the process. Each swimmer is seeded with an
initial gait that is a first-order Fourier series with equal phase
lags between each link. The three-link swimmer is capable of
quickly accessing Γ = 1

2 predictive insight and continuously
refines its gait over the 40 cycles, improving its seed behavior
by almost 50%. The nine-link swimmer, while less reliable
than the three-link swimmer, experiences trials in its top
quartile that exhibit over 80% improvement of the gait in
just 60 cycles. Our proposed method appears to exhibit a
10-factor improvement in sample efficiency over the work of
[18]. Notably, the adaptations are not exclusively successful
on the nine-link system, as they were in prior work. For
more complex systems, careful consideration of appropriate
Γ and λRLS may improve the reliability of optimization at
the expense of sample efficiency.

VII. DISCUSSION AND CONCLUSION

In this paper, we illustrate the real-time capabilities of
our adaptive methods for constructing local models for in-
situ motion control and behavior refinement. One immediate
advantage of integrating adaptive features is the model’s
capacity to autonomously adjust in real-time to unanticipated
events such as variations in terrain or payload. The prior
batch modeling was unreliable at achieving this real-time ca-
pability due to the lengthy requirement to run a batch udpate
at every iteration. This real-time enhancement brings fast,
precise in-situ modeling to the field, which has classically

been a challenge for platforms with poor first principles mod-
els as well as systems that encounter unanticipated scenarios
(i.e., not accounted for in training sets). Unlike reinforcement
learning agents and finely calibrated, explicit physics models,
our adaptive scheme is designed to refine models quickly and
accurately with no assumptions about morphology, weight
distribution, or environmental characteristics (so long as the
behavior remains principally kinematic). Without adaptive
control, recent work shows that redundancy in the robot body
can improve robustness to rugged terrain [36]. A compelling
study might involve synthesis of these design principles with
the adaptation schemes discussed in this work.

We demonstrated this by showing the ability of the adap-
tive RLS technique to recapture an accurate physical model
under significant substrate variation. The adaptation outper-
formed prior work in terms of speed and data efficiency on
the Purcell swimmer as shown in Figures 1 and 2. These
results indicate that the proposed method is an asset for
attaining effective motion control in dynamic environments.
We noted the relationship between forgetting factors, the
rate of adaptation, and the consequences of overfitting as
observed in our results. Expectedly, rapid forgetting factors
yielded the fastest response to new substrates but the least
stable performance. Having a dial to tune can be crucial in
settings where either (a) speed is critical to success and risk is
tolerable (b) speed is not important and safety is paramount.

We presented an optimization architecture where the sys-
tem executes stochastically perturbed repetitions of the same
gait until it gains requisite confidence in its data-driven
model of the local dynamics. When this confidence is met,
it leads to high-frequency steps along a computed policy
gradient, using this data-driven model to select new gaits
that locally improve some performance criteria. This led to
a significant performance boost for the state of the art, where
the Purcell swimmer optimized its gait to an 80% improve-
ment within 60 cycles in its top quartile of performance.
It is likely that a large range of the swimmer behavior is
attributed to a high forgetting factor λRLS and admissible
model prediction threshold Γ, which could interact to give
false confidence, resulting in suboptimal steps along the
policy gradient. Principled selection of these parameters will
likely yield different outcomes, such as a less rapid optimizer
that converges with near certainty to a similar behavior.

The gait optimization result presented here demonstrated
the method’s adaptability to gait changes, involving shifts in
the sampling region. We note that the rebasing of our model
coefficients across discrete changes in the behavior space was
crucial to accelerating the model adaptation rate. Notably, we
acknowledge that it could also reinforce an overfit model.
However, across many trials, this rebase accelerates the
model’s capability to explore uncharted regions in the gait
space, enabling systematized integration of control, model-
ing, and optimization processes in real-time with varying
physical interactions. In future work, we seek to integrate
these models into model predictive control architectures
[37]–[39] to demonstrate refined trajectory tracking that
persists through unanticipated scenarios.
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