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Abstract—In many application areas, including control systems, careful management of system resources is key to providing the best
application performance. Traditional control systems with multiple control loops statically allocate a fixed portion of the system
resources to each controller based on their average or worst-case resource requirements. However, controllers’ resource needs vary
depending on the jobs they perform and the state of the systems they control. A controller of a plant operating close to its equilibrium
requires fewer resources than a controller of a plant operating far from its equilibrium point. The Draco dynamic rate control system
exploits this fact by dynamically allocating resources to control systems based on system state. Our research demonstrates that Draco
provides significantly better overall control performance with much less resources than static controllers. Our experimental evaluation
shows that in the control scenarios we examined Draco provides up to 25 percent better control performance with 30 percent less
resources.

Index Terms—Resource management, real-time control, control performance.

˙

1 INTRODUCTION

MODERN embedded systems are expected to provide both
highly varied functionality and outstanding applica-

tion performance within the available resources. As with
most computing domains, fully exploiting system resources
is crucial to maximizing embedded control system perfor-
mance. However, traditional embedded control systems
work open-loop, using a priori characterizations of the
expected workload to determine appropriate static resource
allocations using worst-case assumptions. This is done, for
example, in the canonical work on uniprocessor real-time
scheduling by Liu and Layland [1], and in more recent
approaches to control and uniprocessor real-time systems [2].

Static open-loop resource allocation policies work well,
guaranteeing that control systems can meet given control
performance specifications by reserving a fixed portion of the
system resources for each controller. But because this is done
statically, open-loop systems cannot account for variations in
either resource availability or the resource needs of the
controllers. Dynamic closed-loop resource allocation would
be beneficial in many situations, for example:

. In power-limited systems, controlling the voltage
and clock frequency allows regulation of processor
power consumption and potentially lower energy

consumption. For digital controllers implemented as
periodic tasks, a variation in processor speed must
be accounted for in each control task execution [3].
Therefore, the system must support runtime adapta-
tion in response to time-varying processor speeds.

. In open real-time systems, graceful degradation can
be achieved in overload conditions by modifying
task rates to bring the load to a desired value. For
digital controllers, the variation applied to each
task�s rate of progress determines the specific
controller that has to be executed [4]. Again, tracking
variations on available resources is the key to
providing robust implementations.

. In real-time control systems, an efficient way to
quickly react to perturbations is to dynamically
schedule controllers using flexible control timing
constraints. In this way, scheduling decisions are
taken based on control information rather than fixed
timing constraints such as periods and deadlines [5].
Therefore, tracking the dynamics of the control
applications becomes crucial for an efficient utiliza-
tion of the system resources.

Therefore, modern real-time systems concurrently ex-
ecuting control tasks require dynamic adaptive resource
management techniques capable of accommodating changes
in the available resources and in application demands, that
is, working in closed-loop. Achieving this requires

. monitoring mechanisms at both the system resource
level and the application level aimed at providing
feedback information to the real-time resource
manager,

. effective resource management policies that make
use of this feedback information, and

. digital controllers capable of executing at different
rates.
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Our system, the Draco dynamic rate control system,
addresses all of these needs, providing

1. end-to-end monitoring of application state and
system resource availability,

2. mechanisms allowing communication of this infor-
mation between applications and the underlying
operating system,

3. operating system mechanisms to control and dyna-
mically adjust the resources provided to different
tasks,

4. dynamic controllers capable of executing correctly at
different rates, and

5. effective policies to dynamically adjust application
resources based on knowledge of resource avail-
ability and application state.

1.1 A Motivating Example
A closer look at the behavior of control loops and at the
relation between control performance and controller execu-
tion rate suggests that open-loop resource allocation may
not be optimal for maximizing control performance when
computing resources are limited. A controller whose
controlled system or plant is in equilibrium (a stabilized
plant) may not require the assigned execution rate while
another experiencing a perturbation may stabilize more
quickly and with less error if executed with a higher rate [5].
In a resource-constrained system running both controllers,
redistributing system resources at runtime according to the
state of the controlled plants is the key to maximizing
overall control performance.

Fig. 1 illustrates three possible resource allocation
strategies for this scenario, in which two controllers are
executing concurrently in a resource-constrained system.
Figs. 1a and 1b show two static open-loop resource
allocation strategies, and Fig. 1c shows a simple closed-
loop resource allocation policy. The lower portion of each
subfigure shows the resources allocated to each of the two
controllers, while the upper portion shows the resulting
plant dynamics, i.e., the resulting control performance.
Those transient responses in the figure that have a smaller
maximum deviation form the origin exhibit better perfor-
mance. The results shown are actual results from executions
of the Draco system running real tasks controlling simulated

inverted pendulums, whose model is described in detail in
Section 6.1, subject to perturbations at times indicated in the
subfigures with stars. For simplicity, each task i can execute
one of two controllers, one at a lower rate L and the other
with a higher rate H. The lower rate controller is character-
ized by a long sampling interval and correspondingly lower
resource consumption, while the higher rate controller is
characterized by a short sampling interval and correspond-
ingly higher resource consumption.

Due to resource limitations, suppose that the resources
available at runtime allow only one task to run at a higher
rate and the other at a lower rate.1 Without further
information about, for example, perturbation frequencies,
the best static open-loop resource allocation policy is to
choose the higher rate controller for Task 1 and the lower
rate controller for Task 2 (as shown in Fig. 1a) or vice-versa
(as shown in Fig. 1b). These two choices are equal in terms
of control performance and resource utilization. However, if
we know that during transients an increase in the rate of the
controller can decrease system deviation and hasten system
recovery, better control performance can be achieved by
dynamically reallocating resources at runtime according to
the plant dynamics (as shown in Fig. 1c). Not only does this
reduce system error, but because during some time
intervals neither of the two tasks is running at the higher
rate, this scheme also reduces overall resource usage, which
can, for example, reduce energy consumption in a system
capable of dynamic voltage adjustment.

This simple (and ideal) example raises several additional
questions:

. Provided that resources are available to run multiple
controllers above their minimum effective rate, what
is the best policy for allocating resources among
multiple concurrently executing control tasks? We
are concerned with how good the policy is in terms
of both improving control performance and saving
resources. At the same time, its implementation
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Fig. 1. (a) and (b) Controllers without Draco dynamic rate control. (c) Controllers with Draco.

1. This admittedly simple example is nonetheless realistic because digital
controllers often run better�but consume more resources�with shorter
sampling intervals. A simple way to leverage this is via two alternative
intervals: one that uses few resources while awaiting perturbations and
another that responds effectively when perturbations occur. We explore less
trivial scenarios later in this paper.
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must be simple in order to avoid introducing
unacceptable overhead.

. Are existing proportional fair share algorithms [6] or
water-level fair share algorithms [7] sufficient or do
we need algorithms specific to this problem?2

. Should different resource allocation policies be
applied depending on the frequency of the perturba-
tions affecting the controlled plants? (Note that in
our simple example, perturbations do not overlap.)

1.2 Contributions and Summary
The contributions of this paper are the answers to all of the
questions raised above. Specifically, we have developed
Draco, a dynamic resource allocation system for control
tasks based on feedback information from the controlled
plants. Draco demonstrates the feasibility of runtime
dynamic resource allocation based on feedback about
control task performance and provides efficient and effective
algorithms for doing so. Our results demonstrate that Draco
outperforms existing static and dynamic solutions.

In addressing the questions, we first define the resource
allocation problem as an optimization problem maximizing
control performance whose solution determines the best
rates for control tasks according to the plant dynamics. The
optimization problem has to be repeatedly solved at
runtime. To do so with minimal computational overhead,
Draco employs an efficient nearly optimal algorithm for the
runtime redistribution of computational resources. Near-
optimality comes from the fact that our algorithm computes
the exact solution of the optimization problem which
approximates the relation between tasks rates and control
performance in order to yield a low-overhead feasible
solution. Despite this approximation, our results show that
our near-optimal policy outperforms previous policies for
allocating resources to control tasks.

We overcame two key technical challenges in imple-
menting the optimal policy and two alternative feedback-
based resource allocation policies. First, we developed and
implemented controllers capable of running with different
sampling frequencies given different resource allocations.
Second, we developed and implemented a flexible real-time
platform capable of dynamically changing the allocated
resources according to the application feedback while
guaranteeing tasks� timing constraints [8]. Together, these
two solutions provide the infrastructure needed to develop
dynamic resource management for control tasks.

After implementing and integrating these components,
we performed extensive experiments including a compara-
tive analysis with the static resource management approach
traditionally used in real-time control systems. The experi-
ments we present 1) corroborate that the dynamics of the
controlled plants are the key to better exploiting system
resources and improving control systems performance,
2) confirm our theoretical approach, and 3) show that our
state feedback policies improve control performance and/
or save system resources while introducing negligible
overhead. In the best case, our experimental evaluation

shows that Draco improves control performance by
25 percent using 30 percent less resources.

The rest of this paper is organized as follows: Section 2
discusses related research. In Section 3, we specify the
system model and define the problem to be solved. Section 4
provides the theoretical solution to the resource manage-
ment for control tasks. In Section 5, we discuss our
implementation, and in Section 6, we present the experi-
mental results. Section 7 presents simulation results that
indicate that our approach outperforms previous work.
Section 8 concludes this paper.

2 RELATED WORK

Optimization of control systems performance subject to
resource constraints has been examined before for various
resources including CPU, network, and batteries. Seto et al. [2]
optimized for uniprocessor systems task frequencies at the
design stage in order to minimize a control performance index
defined over the task set. Similarly, Hong presented a
scheduling algorithm to determine data sampling times,
so that the control performance requirements are satisfied
while increasing network utilization [9]. Rehbinder and
Sanfridson [10] presented an offline scheduling method for
uniprocessor systems based on optimal control theory.
Branicky et al. presented a static scheduling optimization
approach based on scheduling and control co-design in
networked control systems [11]. Ling and Lemmon presented
a method for obtaining specifications on real-time schedulers
for networked control systems that assure overall feedback
system performance [12]. None of them examined dynamic
runtime resource management for optimization of control
systems performance, as we do.

Different approaches to control systems and runtime
resource allocation policies have also been examined before.
Beccari et al. [13] presented a scheduling technique for
adaptation of soft real-time load in the context of autono-
mous robot control architectures. Ramanathan [14] pre-
sented an overload management for control tasks based on
the ðm; kÞ-firm guarantee. Caccamo et al. [15] allowed
varying tasks� computation times at runtime to optimize
control performance using server approaches. Eker et al. [16]
presented a method for distributing computing resources
over a set of real-time control loops using feedback
information on the workload changes. Cervin et al. [17]
extended that solution by adding a feed-forward path based
on tasks execution times measurements. Similarly, the
scheduling method presented by Park et al. [18] allows for
sampling period adjustment to allocate network bandwidth
to other type of messages. Buttazzo et al. [4] presented a
method for promptly react to overload conditions, while still
guaranteeing a given control performance. Liu et al. [19]
presented a method where control task periods are adjusted
using a Markov chain formalism in order to achieve a
quality-of-service (QoS) constraint expressed in terms of job
dropouts. However, none of the previous work uses feed-
back from the controlled systems dynamics in order to
reallocate resources as we do.

Our approach has some similarities to the various feed-
back scheduling architectures presented by Zhao and
Zheng [20], Walsh and Ye [21], Henriksson et al. [22],
Lee and Kim [3], Henriksson and Cervin [23] (which was
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2. Conventional proportional fair share (also known as weighted fair
share) algorithms allocate resources to applications in proportion to their
relative weights or importance. The water-level fair share (aka max-min fair
share) algorithm allocates resources to tasks in order of increasing demand.
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further extended by Castan� e· et al. [24]), and Ben Gaid et al.
[25]. Zhao and Zheng [20] discussed an event feedback
scheduling strategy in which controllers are executed
according to the dynamics of the controlled systems. They
aimed to meet asymptotic and exponential stability criteria
while our goal is to optimize aggregate control performance.
Walsh and Ye [21] presented a dynamic arbitration technique
to grant network access to the control loop with highest error.
Our approach is similar, but focuses directly on resource
allocation rather than on priority assignment. Henriksson et
al. [22] presented a scheduler that allocates CPU time to
model predictive controllers (MPC) in order to improve
control performance by dynamically varying controllers
execution times. Our approach is not restricted to MPC and
the control optimization is achieved by dynamically adjust-
ing the sampling interval of each controller. Lee and Kim [3]
presented a dynamic solution for establishing the optimal
processor speed for a set of control tasks based on the state of
the controlled plants, an ad hoc solution that lacks theoretical
foundation. Henriksson and Cervin [23] (which was further
extended by Castan� e· et al. [24]) presented an algorithm to
optimally assign sampling periods to control tasks. However,
in the general case, their approach does not have an analytical
solution and so a suboptimal solution has to be applied. None
of the these considers a static base allocation of resources to
control tasks�guaranteeing a minimum level of responsive-
ness to perturbations�enhanced with the resource redis-
tribution, as we do; they consider redistributing all of the
resources at each resource allocation. Ben Gaid et al. [25]
present a dual method in which resources are statically
allocated to control tasks producing optimal offline cyclic
sequences of jobs and then, at runtime, specific precomputed
sequences are applied subject to the restriction that the
current sequence has to complete before applying the next
one. This, for a large number of applications, may result in
less reactive systems. Removing this restriction would
increase the computational overhead. Therefore, this paper
does not analyze the feasibility of the online approach in a
complex scenario as we do.

Unlike many previous approaches, the feasibility of our
solution and its benefits have been verified through its
implementation in a real operating system and under
complex scenarios. This work consolidates our preliminary
research on state feedback resource allocation for real-time
control systems [26].

3 PROBLEM FORMULATION

In this section, we describe the system architecture and
formalize the resource allocation problem to be solved.

3.1 System Architecture
Traditional real-time CPU schedulers serve two roles in
CPU resource management: resource allocation and dispatch-
ing. Resource allocation determines how much of the
resource to give each task, while dispatching determines
when to give the allocated resources to each task. Dynami-
cally and independently managing resource allocation and
dispatching (RAD�resource allocation/dispatching [8])
allows precise allocation of resources to the possibly
dynamically changing needs of individual tasks.

Draco employs the RAD model for its underlying
resource management and is built on top of the Rate-Based
Earliest Deadline (RBED) scheduler [8]. It allocates a
baseline amount of resources to each control task and then
dynamically reallocates slack, or excess resources. We are
not concerned here with differentiating between static
slack�unreserved resources�and dynamic slack�reserved
but unused resources. Nor are we concerned with how to
compute it or on when to allocate it. See [27] and the
references therein for work on slack management addres-
sing these and related questions.

Fig. 2a illustrates the feedback-based RAD resource
management in the Draco system. Resource allocation
allows us to tailor the resource demands (black/gray boxes)
for each task at runtime based on feedback from the
controlled plants, while dispatching addresses when the
assigned resources (white boxes) can be used for each task
in order to meet the required sampling intervals for each
running control task.

Our approach to slack management focuses on the
allocation resources to control tasks. As illustrated in
Fig. 2b, we assume that each control task has a minimum
resource share assigned, which is represented as a black
box. In addition, each task can be assigned a portion of
available slack, which is represented as a gray box. The
dispatching can be performed by any existing policy,
represented by white boxes (see Buttazzo [28] for an
extensive survey of dispatching policies). Fig. 2b also shows
the key components of the slack management framework.
Information about each plant�s dynamics (Application
performance feedback) is fed back to the resource allocator in
order to provide the information required to make an
appropriate slack redistribution decision. Finally, the
current resource utilization (or alternatively, the current
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Fig. 2. RAD model. (a) Without slack management. (b) With slack
management.
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