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A Model-Free ON–OFF Iterative Adaptive Controller Based on Stochastic
Approximation
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Abstract—A model-free ON–OFF iterative adaptive controller is
described for application to microscale servo systems performing
repeated motions under extremely strict power constraints. The
approach is motivated by the needs of piezoelectric actuators in
autonomous microrobots, where power consumption in analog cir-
cuitry and/or for position sensing may be much larger than that of
the actuators themselves. The control algorithm adjusts switching
instances between “ON” and “OFF” inputs to the actuator to min-
imize an objective function using simultaneously perturbed sto-
chastic approximation of the gradient with just a single sensor mea-
surement in each iteration. Convergence conditions for the gra-
dient approximation are shown to apply when the possibility for
a range of possible switching times minimizing the objective func-
tion is accounted for, while a method is proposed for avoiding local
minima for plants with bounded nonlinearities. The algorithm is
tested on a prototype piezoelectric microactuator.

Index Terms—Adaptive control, gradient approximation,
iterative control, microelectromechanical systems (MEMS), mi-
crorobotics, model free, ON–OFF control, piezoelectric actuation,
piezoelectric actuators.

I. INTRODUCTION

M INIATURIZATION of sensors and actuators through
developments in microelectromechanical systems

(MEMS) technology can enable very low-power, small foot-
print implementation of a variety of engineered systems.
Piezoelectric and electrostatic actuators are two of the most
common mechanisms for generating motion in MEMS devices
and act as capacitive loads with very small intrinsic power
consumption. For instance, a 1 nF piezoelectric actuator oper-
ating at 20 V and 20 Hz requires less than 10 W of power.
However, unknown and/or nonlinear behavior may require
feedback control, in which case actuator power consumption
can be exceeded by that of drive and sensing circuitry.

To achieve low power consumption of a complete servo con-
trol system for microscale piezoelectric or capacitive actuators,
it is desirable to utilize switching (“ON–OFF”) control to avoid
inefficiencies in driving circuits [1] as well as to minimize the
number of times that the circuit switches during a given con-
trolled motion. For well-known system dynamics, sensing may
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Fig. 1. (a) Concept drawing of an autonomous microrobot. (b) Prototype mi-
crorobotic leg joint. Courtesy: U.S. Army Research Laboratory.

be omitted and open-loop input sequences used [3], [4], [7], in-
cluding for open-loop energy minimization [29].

On the other hand, when dynamics are unknown, difficult to
model, or varying, it is necessary to implement a feedback con-
trol system that is robust or can adapt the switching sequence
applied to the system using feedback. Reducing the number of
sensor measurements taken can reduce system power consump-
tion significantly because sensing circuit power typically rises
with sampling rate. For example, one sample ultralow-power
capacitive sensing circuit requires not more than 10 W at low
duty cycles (sampling rate 25 Hz), but almost 100 W at full
operation approaching 250 Hz [2].

This paper examines an iterative controller for an “ON–OFF”
switching control system, in which a desired motion is to
be completed many times with the ability to adjust the input
sequence between movements. Motivating this study is the
walking gait of a piezoelectrically driven microrobot, whose
legs may need to complete the same stepping motion a large
number of times under an extremely constrained power budget.
Fig. 1 shows concept drawing of a bio-inspired terrestrial
microrobot design and image of a prototype piezoelectric leg
joint. The weight-bearing capacity of such a robot is anticipated
to be in the range of 5–50 mg [5], corresponding to an avail-
able power consumption per leg of approximately 100–700

W based on state-of-the-art thin-film batteries or solar cells
[6] such that sensor power, and hence, sampling rate, has a
significant effect on power allocation.

To perform low-power servo control, the problem of selecting
transition times of an ON–OFF input sequence is converted to
a model-free adaptive control problem with the adaptive con-
troller based on the simultaneous perturbation stochastic ap-
proximation (SPSA) developed by Spall [10]–[13]. This con-
troller has several benefits for power minimization in micro-
robotics, including a need for only one sensor measurement each
time an individual actuator [such as one of the joints in Fig. 1(b)]
moves through a desired motion, the ability to perform com-
putation between steps to reduce processor requirements, and
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effectiveness in the presence of noisy sensors. A model-free ap-
proach was selected because the piezoelectric actuators targeted
are nonlinear [19], and uncertainty in system properties is antic-
ipated due to the varying environments that such a microrobot
might encounter.

The proposed algorithm differs from previous adaptive
switching controllers in being both model free and relying on
a very limited number of sensor measurements. Previous con-
trollers oriented toward ON–OFF control, as well as most other
adaptive switching controllers, have relied on model-based
adaptation [20 ], [21]. Other model-free adaptive controllers
have typically been organized around neural nets, which have
not yet been applied to ON–OFF control problems; a neural net
approach could potentially perform function estimation in the
ON–OFF context as well, though the assumption of an affine
dependence on input in most cases prevents existing algorithms
from being directly applicable [22]–[24 ] when switching time
is the input being adapted.

In addition to formulating the adaptive ON–OFF control
problem in a manner compatible with stochastic approximation,
this paper provides a minor extension of SPSA convergence
analysis for regions of local minima, rather than just single
points, and tests the algorithm experimentally on a prototype
microrobotic leg joint. In addition, an approach is provided to
select initial switch times and adaptation targets to avoid local,
rather than global, minima in cases of short duration motions
with bounded, unknown nonlinearities.

II. SYSTEM DESCRIPTION

The dynamic system to be considered consists of a state
vector and input , and a set of unknown, differ-
entiable, Lipschitz continuous, and possibly nonlinear state and
input equations and . In the case of ON–OFF control
with only two possible inputs , two alternate
functions may be used to define dynamics for the “ON”
state and for the OFF state . There
is a known, linear relationship between states and a measured
variable defined by matrix , giving system dynamics

(1)

where is white, Gaussian, zero-mean measurement noise.
The system in (1) is taken to be asymptotically stable, with

“ON” and “OFF” equilibrium points and , satisfying

(2)

A response of time duration is to be produced many times,
with the state, measurement, and input vectors from the th it-
eration are denoted by , and , respectively. We assume
that the (1) have a real, unknown solution , which can also

be written as a solution or for inputs in the “OFF”
or “ON” state, respectively

(3)

In addition, we assume that there is sufficient time between
iterations to treat

(4)

for all iterations due to the stability of the system with zero
input and an assumption of satisfactory time between motions
for the system to return to its “OFF” equilibrium state.

The model described in (1)–(4) provides a good representa-
tion of the piezoelectric actuators motivating this project among
other dynamic systems. The piezoelectric actuators consist of
continuous flexible structures with differentiable behavior in
mechanical dynamics and piezoelectric response. The system
inputs are limited to “ON” and “OFF” voltages supplied by an
ultralow-power switching circuit. While the piezoelectric actu-
ation gain, structural stiffness, and damping effects may be non-
linear functions of system states, equilibrium positions at volt-
ages of 0 and exist and are easily measured. Finally, we
anticipate there being sufficient time (for example, while other
legs are propelling the robot body) for individual actuators to
return to their original position before being actuated again, and
experimental testing indicates that the high stiffness of silicon
flexures in comparison to the piezoelectric materials results in
negligible variation in initial conditions due to any hysteresis in
the piezoelectric response [29]. In addition, despite hysteresis,
actuator gains alternate between consistent levels as each input
is always reached from the same previous voltage level.

III. CONTROL PROBLEM

The control objective is to drive the true output of the system
at a specified final time to a desired target value

over several iterations of motion. The control input in each
iteration is a real, bounded function of a parameter vector

. In the general control input case with continuous inputs
, this results in an iterative system input described by

(5)

The control system goal becomes to find an optimized
parameter vector set minimizing the error between the
system output and reference under a fixed power consumption
with fixed ON–OFF transitions rather than a full minimization
of power output feedback, which is assumed to be made suffi-
ciently low by using a small number of switching transitions
and sensor measurements. The ideal minimization problem
with respect to and output error can then be stated as follows:

(6)
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To solve problem (6), typically a gradient-based optimization
method is used, as in the following:

(7)

where is the step size of the algorithm, and is the
-dimensional gradient vector for the cost function with

respect to . This approach is used by several model-based
controllers [3], [7], [8], [9]. In these controllers, the system dy-
namics function is completely known and there is no con-
sideration of minimal use of measurement outputs. However,
the gradient in (7) for the cost function cannot be determined in
this paper because it is assumed that (6) and (7) are based on
unknown functions , and . Additionally, reduc-
tion of measurements is not accounted for by the standard gra-
dient approaches because the gradient is based on derivation of
a complete function. Even though a tradition gradient approx-
imation, finite difference stochastic approximation (FDSA), is
not based on a complete function, FDSA should account many
measurements; SPSA uses times fewer gradient evaluations
than FDSA [11].

To solve this problem, the SPSA algorithm is used for gra-
dient approximation in this paper. This approximation method
was developed by previous researchers as a model-free approach
for finding optimal control parameters [15]–[18]. SPSA is based
on relating random perturbations of controller parameters with
their influence on a cost function, which is in turn a function
of output measurements from an unknown system with random
noise. Thus, SPSA does not require full knowledge of the form
of the system dynamics. Most importantly, since SPSA requires
only one or two measurements to compute gradient approxima-
tions, regardless of the dimension, such as the problem (7), it is
very useful and effective for limited measured outputs. Previous
controllers based on SPSA have utilized a fixed functional struc-
ture for a controller, such as a neural network or a polynomial,
which generates analog inputs. In contrast, an ON–OFF controller
permits only two possible input states, and this behavior must
be defined in a way that is compatible with the SPSA algorithm.

IV. MODEL-FREE ON–OFF CONTROL ALGORITHM

In this section, we define the controller parameters, a cost
function, and a parameter-updating rule for a model-free itera-
tive adaptive approach to control. Properties of the system under
ON–OFF control will be related to convergence conditions of the
one-measurement form of the SPSA (as provided in [10 ] and
[12]). Fig. 2 shows the block diagram of the iterative adaptive
ON–OFF controller using the SPSA algorithm.

A. Adaptive ON–OFF Controller

For a single-measurement scenario, the control task is to steer
the true output of the system at the final time to a
desired target by finite-time ON–OFF control using switching
instances and a single measurement output. Under finite-time
ON–OFF control, the input applied to the system (1) varies

Fig. 2. Block diagram of the controller.

Fig. 3. Illustration of input time parameter definitions.

switching times while alternating between zero and a constant
maximum value .

Switching times are defined by the final time and time
vector , with the system output (5) being rewritten as a
function of , giving

(8)

(9)

As shown in Fig. 3, in this formulation, the time periods be-
tween switching instances serve as the parameter vector
in (5), and therefore, the relationship between parameters
and input may be described for by

for

for

for (10)

Since only one measurement output will be used

(11)

replaces the minimization problem (6). By the SPSA algorithm,
the problem defined in (11) may be solved by updating the input
parameter vector until the cost function goes to zero as
the iterative index goes to infinity.

B. Iterative Update of Using SPSA Algorithm

The one-measurement form of the SPSA algorithm [12] for
the control problem defined in (11) is applied to the switching
control problem as follows.
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Let be the estimate of at the iteration . SPSA has the
standard iterative form

(12)

where is a sequential gain coefficient, and is a simul-
taneous perturbation (SP) approximation to the unknown gra-
dient vector for the cost function with respect to
at the th iteration.

The one-measurement SPSA form of the estimation at
iteration is

(13)

where is a
vector of independent zero-mean random variables, is a
sequential gain, and is the measured cost function value
with the control parameter’s random perturbation vector ,
and the noise isolated as , i.e.,

(14)

Note that only one measurement is required to form the gra-
dient estimation at each iteration.

C. Implementation of an Adaptive ON–OFF Controller

The iterative ON–OFF time-optimized control for the system
(9) can be determined by using the method described in
Section IV-A–B with the following procedure.
Step 1) Pick initial guesses for .
Step 2) Select coefficients, , and .

Recommended values for and are 0.602 and
0.101, respectively, as established in [13]. Effective

can be equal to or less than the estimated standard
deviation of the measurement noise. The value of
is selected by a 10% (or less) value of the maximum
number of expected/allowed iterations. Choose
such that (15) holds as follows:

(15)

For detail of theoretical validation and practical ef-
fectiveness, see [13] and [28].

Step 3) Generate the SP vector
One of the candidates for the perturbation, and used
in this paper, is a symmetric Bernoulli 1 distribu-
tion with a probability of 1/2 [14].

Step 4) Generate from by and (10).
Step 5) Measure system output at final time
Step 6) Evaluate the cost function (14).

Step 7) Approximate the gradient by (13).
Step 8) Update estimate (12) and check constraint (16); the

ability to utilize constraints in the SPSA algorithm,
having been shown in [27], is as follows:

Constraint
for

(16)

Step 9) Go to Step 3 or terminate algorithm if is smaller
than a prespecified bound or a maximum allowed
number of iterations has been reached, subject to
available memory.

This implementation satisfies convergence conditions to
reach a minimum of the objective function in (11) almost
surely, as discussed in more detail in the following. Section V
of this paper describes steps that may be taken in some cases to
ensure that converges to the target as , not just a
local minima.

D. Note for Convergence of the Proposed Algorithm

The specified properties of the dynamic system to be con-
trolled and implementation of the adaptive ON–OFF controller
based on SPSA are necessary so that an approximated con-
verges to a minimizing point . These conditions are related to
properties of gain sequences, iterate boundedness, measurement
noise, smoothness of a cost function in its relation to system or-
dinary differential equations (ODEs) , and statistical properties
of the perturbations. Under them, the following Proposition 1
can be true.

Proposition 1: If convergence conditions related to SPSA
hold and there exists an optimal for which lies within the
domain of attraction, then as almost surely, or

(17)

where is a minimum of (11).
For detailed properties of the conditions and theoretical proof

of Proposition 1 for the general SPSA algorithm, see [10] and
[12].

When applying the SPSA algorithm to ON–OFF control, it is
important to confirm that the properties target plant subject to
ON–OFF control can satisfy properties of convergence conditions
of SPSA. First, for an ON–OFF controller driving a system with
continuous, differentiable dynamics, the finite duration and
finite input magnitude of the ON–OFF controller ensure that
the system output measurement control parameters in , and
cost function will be bounded. This ensures that properties
of iterative boundedness are satisfied. Second, following Steps 2
and 3 during implementation ensures that required properties of
gain sequences and statistical properties of the perturbations are
met. Third, since the source of noise in the system is taken to be
white, Gaussian noise in sensor measurements independent of
noise during prior steps and internal computations, properties of
measurement noise can be satisfied. Finally, it was assumed that
the system plant (1) satisfied Lipschitz continuity. This ensures
that the cost function is three times differentiable, and that
the properties of smoothness can be satisfied.
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In the nominal SPSA algorithm, Proposition 1 implies almost
sure convergence to the local minimum corresponding to an ini-
tial choice of when convergence conditions are satisfied. For
a specific minimizing solution to a cost function, as in (11), the
deterministic form and conceptual solution set of (12) can be
related as an ODE as goes to infinity [25 ], [26] as follows:

(18)

(19)

where is a continuous function on is an asymptot-
ically stable solution of (18), is the domain of conver-
gence, and is the solution of (18) with initial condition

.
For the proposed ON–OFF control using the SPSA algorithm,

minima may exist, where , which may occur if
(as desired) or (a local minima), as seen

in the derivative of the cost function

(20)

In the case of ON–OFF control, and differing from prior control
examples done using the SPSA algorithm, at the minima when

, there may exist several, continuous solutions ,
which can drive system (9) to target , where is a solution set
of (12) such that an adjustment to standard SPSA convergence
conditions is necessary.

To do so, define a new parameter vector such that
, where is now the set of minima. Then, (18) and (19) can

be restated as follows:

(21)

(22)

Properties of iterate boundedness and smoothness of a cost
function by remain satisfied by properties of a system subject
to ON–OFF control, as described by (21) and (22).

Proposition 2: Supposing standard convergence conditions
of the SPSA hold, (21) and (22) hold, if the assumptions A-1 and
A-2 are satisfied, then from the extended global Kushner–Clark
theorem [25]

as

A-1) , for a and , almost surely;
A-2) , for

any ;
where is the bias between a gradient estimator and the real
gradient, is the error
in the gradient estimate, , and

is the gain sequence from (12) . For Proof of Proposition 2
given as A-1 and A-2, see [25], while A-1 and A-2 are used for
derivation of the SPSA in [10] and [12].

By Propositions 1 and 2, it may be concluded that the pro-
posed adaptive ON–OFF controller will almost surely converge
to a minima of the cost function associated with the initial con-
trol parameters provided to the system.

V. LOCAL MINIMA FOR BOUNDED UNCERTAINTY

The convergence analysis in Section IV ensures almost cer-
tain convergence of switching times to a
solution minimizing (11), but does not yet distinguish between
global minima and local minima or indicate how to select initial
guesses to reach a specified . For general nonlinear func-
tions, there is no known method for ensuring convergence to a
global minimum. When dynamics are known, Kaya and Noakes
suggest a method for selecting future initial guesses based on
past results [3 ], while for unknown dynamics, some bounds on
the nonlinear dynamics are required, as in [21].

For ON–OFF control over short time duration with known
bounds on maximum nonlinearity magnitudes, it can be pos-
sible to identify values for that may result in local minima,
and select the target output and initial guess to avoid them.
We note from (20) that a minimum may exist, where
(desired), or where for all (undesired). For
ON–OFF control, and its partial derivatives with respect to
switching times are

(23)

...

(24)

While the functions , and , and their derivatives in
(23) are unknown, if bounds are placed on the difference be-
tween the nonlinear system and a known dynamic system, the
possible range of the partial derivative terms may be
obtained through the use of Gronwall’s inequality [30]. The
error bounds between the known system’s response and the ac-
tual unknown system’s response grow rapidly with time. How-
ever, for short time durations, as in the case of repeated stepping
motions desired for the motivating example, it can be possible
to identify ranges of values for switching time vector , where

may be equal to zero for one or more .
As an example, we consider a second-order system described

by

(25)

where , and are unknown Lipshitz continuous func-
tions with continuous derivatives. We identify a nominal linear
system consisting only of the linear portions of (25), with the

and dynamics differing by bounded nonlinearities

(26)
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Then, as may be solved for a given , bounds on the
difference between and may be obtained from

(27)

Derivatives of with respect to initial conditions may like-
wise be bounded. By [30], these derivatives are known to be
solutions to the set of differential equations

(28)

with initial conditions
, and , where

corresponding to “ON” and “OFF” responses, as before, and
and referring to the first and second states in either case.

The equations in (28) become a pair of second-order differ-
ential equations that may be bounded, as in (27), where

Fig. 4. Nominal system output as a function of switching times � and � for
� � �� � � 0.5 ms, and � � ��, and marked regions of possible local
minima/maxima when unknown, bounded nonlinearities are present.

and are solutions to the
linear portions of (25) with initial conditions [1 0] and [0 1], re-
spectively, and zero input.

By finding nominal responses , and , and solving for
bounds between them and true system responses as a function
of time using (27) and (29) (shown at the bottom of the page),
ranges of possible values may finally be found, as for

, shown in (30) at the bottom of the page.
In relationships the terms may be known exactly, while the

quantities in braces may be bounded using (28), allowing eval-
uation of feasibility.

Fig. 4 shows the output of the nominal system (26) as a func-
tion of switching times and when 0.5 ms and .
Nonlinearity bounds are given in Table I, representing the ex-
perimental system in the following Section, where natural fre-
quency (related to ) and gain estimates (related to ) are quite
accurate, but there may be substantial error in damping esti-
mates (related to ). While and
do not quite occur for the nominal system with this , when
uncertainty in the derivatives due to nonlinearities is accounted
for, locations, where and become

(29)

(30)
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Fig. 5. Sample image of the MEMS leg actuator.

TABLE I
NOMINAL SYSTEM COEFFICIENTS AND BOUNDS ON CORRESPONDING

NONLINEARITIES DEVIATING FROM THESE COEFFICIENTS

possible and are outlined in white (with no distinction at present
for local minima versus maxima). In addition, possible response
variation is marked, indicating that the worst case system out-
puts for the points, where and may
be true are below 0.15 rad and above 0.42 rad. Taking into ac-
count as well, we ultimately conclude that the range of
outputs between 0.12 and 0.43 rad are free of local minima, and
that selecting initial switching times according to
0.8 ms, 1.4 ms, and 1.8 ms should be
sufficient to reach target outputs between 0.12 and 0.42 rad.

VI. EXPERIMENTAL EXAMPLE

A. Experimental Setup

An MEMS multiactuator leg joint was used to verify behavior
under the proposed controller. Fig. 5 shows the leg joint tested.
Several thin-film piezoelectric actuators compose this leg with
a natural frequency of approximately 279 Hz and a nominal
damping ratio 0.017.

The experimental system with the input range 0–20 V, mod-
eled as a second-order linear system has a nominal linear model,
as shown in Fig. 6, of

(31)

Leg motion was measured by filming the microscale leg
through a stereoscope using a high-speed camera system.
Images were collected at 4000 fps, and angle measurements
in each frame were extracted using the MATLAB Image Pro-
cessing Toolbox; off-board sensing was used because, although
integrated sensing has been implemented on other types of
piezoelectric actuators on the test wafer, the current robotic leg
prototypes are not yet instrumented with these sensors. Image
measurement error was interpreted as noise, and estimated at

as its influence on the cost function. The
control signal is generated on a control circuitry, which was

Fig. 6. Step response and nominal linear dynamics of the experimental system.

implemented with an off-board TMS320F28335 DSP and a
level shifter circuit based on CMOS inverter [29] acting as the
ON–OFF interface between the low-voltage DSP and a 20 V
supply for the actuator.

B. Experimental Results

Various target motions were tested to verify controller per-
formance. Two sample reference levels 0.2 rad and
0.3 rad, where a value of 0.45 rad corresponds to the maximum
static actuator displacement, are shown in Fig. 7. In both cases,

for vector , and the final time was 2 msec. Initial
guesses for switching times were selected based on the conver-
gence analysis as [0.7 ms 1.1 ms 0.17 ms]. The CPU operation
time was 0.05 msec. The experimental controller uses only one
measured value at the final time . Selected gain coefficients
values of , and were , and

, respectively, based on rules of Section IV-C.
Fig. 7(a) and (b) shows sample experimental responses with

obtained optimal of [0.7 ms 1.1 ms 1.2 ms] and [0.6 msec
1.1 ms 1.21 ms] for 0.3 rad and 0.2 rad, respectively.
The experimental results show a successful convergence to the
target reference level as and in just two to three iterations or
two iterations. While a true gradiant-based search is expected
to be faster, if full model information were available [11], this
is a rapid convergent rate when tens or hundreds of repeated
motions are needed, as in a microrobotic walking gait. Energy
consumed by the actuator during a single iteration is just 0.9 J.
While off-board sensing was used for the experimental verifi-
cation performed here, a single measurement taken from a ca-
pacitive sensor once for every cycle, in which the actuator has
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Fig. 7. Experimental results for the system (31): (a) for reference 0.3 rad and
(b) for reference 0.2 rad (black line: output; gray dashed line: input; and gray
line: target).

been allowed to move and then return to its original position,
would require sampling at approximately 14 times per second.
This would correspond to energy consumption of less than 0.8 J
for each iteration using state-of-the-art sensing circuitry. Antic-
ipated power consumption for the entire system would then be
about 24 W.

VII. DISCUSSION AND CONCLUSION

The strength of the proposed controller for regulating mi-
crosystem motion is that it relies on extremely simple sensing
and input capabilities, which allows it to perform control at very
low power. Typically, good performance is observed by the au-
thors when using just a few more switching transitions than the
order of the target system. The use of a well-established gradient
estimation algorithm allows the designer to be confident of con-
vergence of the iterated response to a minimal value of the cost
function presented, although greater effort is required to provide
confidence in achieving a true global minimum. This does not
guarantee a specified convergence rate, but in all experimental
and simulation tests performed by the authors, convergence rate
has been quite fast, requiring between 3 and 15 iterations. In-
creasing the number of switching times may reduce the likeli-
hood of for all switching times, without a substan-
tial reduction in convergence rate, but with an increase in power
consumption by a capacitive load. No model of the system is
required by the controller, reducing memory and modeling.

There are major limitations of the control algorithm as well.
Because the controller only assesses motion at one point each
iteration, it cannot be used to hold the system output at its target
beyond the final time; its usefulness to microrobotics, for in-
stance, is tied to the ability to switch motion to another leg
when one actuator is finished moving. In addition, identifying
possible locations of local minima becomes extremely cum-
bersome as the number of switching transitions and/or system
order increases, and the error bounds used in the procedure
in Section V rapidly increase with time. As a result, the con-
troller remains most predictable for low-order systems under-
going transient motions over a fixed time period, and is useful
when ultralow power consumption is critical.

To conclude, we have described a method for implementing
model-free adaptive ON–OFF control through the application of
SPSA. This control technique can be very useful in control of

repeated motions by systems with extremely limited power bud-
gets, where power consumption at sensor measurements and in
analog drive circuitry is to be avoided. The controller presented
can be implemented with just a single sensor measurement per
iteration, and has been observed to result in rapid convergence
to a desired final output. Such a controller may ultimately be
used to help regulate leg motions in the walking gait of a piezo-
electrically actuated terrestrial microrobot.
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