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ABSTRACT

Embedded processors must be operated in power-efficient fashion while satisfying application-specific

quality-of-service (QoS) requirements. This paper addresses the power management of embedded

processors via a control-theoretic method. A model-predictive controller is proposed where the

corresponding control signals managing power consumption are generated via a mathematical processor

model by minimizing a specified cost function. Using a past history of time-varying data arrival and

processing rates, the controller predicts future processor behavior over a finite look-ahead interval. Based

on this prediction, it then derives the lowest possible operating frequency necessary to process data arrivals

by optimizing (multiple) QoS criteria. We describe the processor model, formulate the power management

problem, and derive the necessary controller. The performance of the proposed controller is also evaluated

via detailed experiments using synthetic workloads.
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1 Introduction

Embedded microprocessors have been built into a wide range of consumer devices to perform applica-

tion-specific functions; the end user is often unaware of the processors’  existence. Other emerging uses of

such processors are in sensor networks to solve a diverse set of distributed sensing and control problems.

Typically, the applications hosted by such networks fuse (combine) data from multiple processors to accu-

rately assess and control their surrounding environments, and have both military and civilian uses, includ-

ing target detection, tracking, environment and industrial-plant monitoring, development of  smart

buildings, and surveillance for law enforcement [8]. These embedded systems have several distinguishing

characteristics, which collectively pose some new and important research challenges: (1) The processors

have l imited computing and power resources. (2) They must have long lifetimes requiring l ittle (or no)

maintenance. (3) They must satisfy application requirements while operating in unpredictable and dynamic

environments.

The fore-mentioned processors must be operated in power-efficient fashion to maximize their lifetimes.

Furthermore, they must also satisfy application-specific quality-of-service (QoS) requirements. This paper

addresses efficient power management on embedded processors while satisfying application QoS require-

ments via a control-theoretic method. The proposed scheme uses Model Predictive Control (MPC) where

the control signals managing power consumption are generated via a (mathematical) behavioral processor

model by minimizing a specified objective function. The MPC approach, widely used for industrial pro-

cess control [6], is well suited to handle the dynamic processor operating conditions.

Processor power is typically managed using an appropriate policy; for example, during periods of inac-

tivity, the processor may be shut down or placed in a low-power state. Since such state transitions incur

some time (power) overhead, predictive methods to determine the type of transition and when to perform it

have been developed [4] [25]. Prediction considers both past data arrival history and application perfor-

mance objectives. Also, since the embedded systems of interest handle a time-varying workload, continu-

ous peak performance is not required during processor operation. Energy can be conserved via dynamic

voltage scaling (DVS) which adapts both the supply voltage and operating frequency of the processor to

suit current computational requirements [5]. Since power consumption relates quadratically to the supply

voltage, the corresponding energy savings can be quite significant. Many low-power processors including

Intel’s StrongArm [20] support DVS.

The authors of [24] [18] use past workload history to predict the workload corresponding to a future

time interval, and the operating frequency is set to a value capable of processing this workload. A number

of authors have also proposed DVS-aware extensions to the well known rate-monotonic and earliest-dead-
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line-first task scheduling algorithms [19] [9] [10] [21]. Typically, these approaches aim to schedule a set of

periodic (aperiodic) tasks under the specified scheduling discipline while minimizing power consumption.

The problem of interest is to manage the limited power resources of embedded processors efficiently

while meeting desired QoS objectives under unpredictable operating conditions. Recently, control-theo-

retic methods have been successfully applied to other resource management problems in computer systems

including real-time processor scheduling [13] [7] [3], bandwidth al location and QoS adaptation in web

servers [2], load management in e-mail servers [17], and network flow control [15]. Classical control the-

ory provides a systematic approach to resource management in general settings; if the underlying computer

system is correctly modeled and i ts operating environment accurately estimated, the control actions

required to maintain a certain QoS level and/or optimize a given utility (cost) function such as power con-

sumption can be derived−as shown by Adelwahed et al. [3]. Moreover, control theory provides well-estab-

lished mathematical techniques to analyze the correctness and performance of the proposed methods [16].

With few exceptions, however, there has been limited research into applying control-theoretic concepts

to manage energy consumption in processors. The authors of [22] present a closed-loop controller which

adapts the energy consumed by functional units in a processor in response to an exponentially distributed

workload. In [14], a feedback controller addresses similar QoS concerns in multimedia applications by

scaling the processor frequency appropriately in response to current throughput. The operating frequency,

however, is scaled in the continuous domain or over a large number of discrete frequency settings. This

assumption, however, may not always hold in practice; for example, both the AMD-K-2 [1] and Stron-

gARM [20] processors offer only a limited number of frequency settings, eight and ten, respectively.

We develop an MPC-based approach to managing power in processors using DVS to process (environ-

mental) data with time-varying arrival rate as per QoS requirements at the lowest possible operating fre-

quency. Using a past history of data arrival and processing rates, a mathematical model of  processor

operation predicts its future evolution over a finite look-ahead duration. Based on the predicted system

evolution, the control signals−frequency settings−required to operate the processor close to the desired

point are calculated by optimizing the (multiple) QoS criteria. We describe the processor model, formulate

the power management problem, and derive the necessary controller. The major features of the proposed

approach are as follows:

• The processor model does not assume an a priori signal arrival distribution and is well suited to real-

world operating conditions.

• Rather than assume worst-case processing times for the data items, the controller estimates the current

(instantaneous) values using recently observed times.

• The proposed controller operates in a discrete frequency domain; thus, it is directly applicable to pro-
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cessors with limited operating frequencies.

• The controller handles the multi-variable optimization problems.

• Control signals are obtained via iterative optimization which may be interrupted anytime while still

providing the current best solution. thereby trading-off execution time and solution quality. It can be

used in real-time systems.

Finally, we evaluate the performance of our approach via detailed experiments using synthetic workloads.

The rest of this paper is organized as follows. Section 2 discusses system modelling assumptions while

Section 3 presents the controller design. Section 4 evaluates the performance of the proposed algorithms.

We summarize the results and conclude the paper with a discussion on future work in Section 5.

2 System Modeling Assumptions

This section discusses the processor behavior and energy models assumed in this paper and the online

control problem for power management.

Figure 1(a), shows a standard queuing model for a processor P where λ(t) and µ(t) denote the arrival

and processing rates, respectively, of the data stream { di} , and q(t) denotes the queue size at time instant t

[11]; we do not assume an a priori arrival-rate distribution for { di}  and the processor does not idle when-

ever the queue contains data i tems. The queue utilization at time t is given by  where

qmax is the designer-specified maximum queue size.

Figure 1. (a) A queuing model of the processor and (b) a state machine representation of typical 
processor operating modes
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Figure 1(b) shows a state machine representation of a typical power management scheme for processor

P where transitions may be triggered by events or the passage of time. For example, when the queue is

empty, P is idled to save power; when new events arrive, P is switched back to the active (shaded) state

with little time overhead. If the processor stays idle beyond a threshold duration, it is placed in the sleep

state for a specified time period. In this state, however, P does not register external events, and conse-

quently, they are simply dropped. The processor transitions back to the active state at the end of the sleep

period. Though the proposed controller design focuses on the active state, it can be readily integrated with

the high-level power management state machine where predictive shutdown methods such as those pro-

posed in [25] can be used to affect the necessary transitions.

The active state for processor P in Fig. 1(b) is a collection of several discrete sub-states, each with a

specific frequency setting fi; in this state, power consumption can be minimized by scaling fi appropriately.

We assume a processor capable of operating within a limited number of { fi}  settings. This differentiates

our work from that of [14]  where f requency is scaled in the continuous domain. We denote the time

required to process di while operating at the maximum operating frequency fmax by ci. Then the corre-

sponding processing time while operating at some instantaneous frequency  is  where

 is the appropriate scaling factor. Furthermore, in embedded systems such as sensor net-

works, it is reasonable to expect some correlation between the execution times corresponding to successive

data signals { di}  since these signals are usually temporally correlated. This implies that the corresponding

execution times may be predicted with some accuracy. The controller presented in Section 3 uses a autore-

gressive moving average (ARMA) filter to predict both data arrival rates and their execution times. 

We use the model proposed by Sinha and Chandrakasan [23] to estimate the energy consumed by pro-

cessor P; the energy consumed during time period t is  where α(t) is the corresponding scaling fac-

tor. This simple model provides reasonably accurate estimates and has been previously used in [14] to

evaluate controller performance.

Finally, we describe the requirements of our controller informally; a more rigorous problem formula-

tion fol lows in Section 3. During any given time interval t, the controller on processor P must simulta-

neously minimize both the queue uti lization U(t) and energy consumption E(t); lower U(t) values are

desirable since the processing delay incurred by a newly arrived data item is inversely proportional to

. The controller, therefore, solves a multi-variable optimization problem involving U(t) and E(t),

and having contradictory requirements. In such cases, the designer typically prioritizes these variables to

achieve the desired controller behavior.

f t( ) fi{ }∈ ci α t( )⁄

α t( ) f t( ) fmax⁄=

α t( )[ ]2

1 U t( )–
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3 Controller Design

This section briefly describe the online control method and formulate the power management problem

including the system model and cost function. Issues related to controller feasibility and stability are also

discussed.

We propose a MPC-based (predictive) controller which uses a behavioral processor model to obtain the

corresponding control signal(s) by minimizing a specified objective function [6]. The basic ideas behind

the controller are as follows:

• The future processor outputs, in terms of U(t + k) and E(t + k), k = 1...N, for a pre-determined predic-

tion (or look ahead) horizon of N steps are obtained during each sampling instant t using the processor

model. These predictions depend on known values (past inputs and outputs) up to the sampling instant

t, and on the future control signals, in terms of f(t + k), k = 1...N − 1, which are inputs to the processor

and to be calculated.

• The set of future control signals at each step of the prediction horizon are calculated by optimizing a

(multi-variable) cost function F(U(t + k), E(t + k)) to achieve the designer-specified behavior.

• The control signal f(t) resulting in the best behavior, as determined by the cost function, over the pre-

diction horizon is chosen and applied as input to the processor during sampling instant t; the other

inputs are rejected. During the next sampling instant t + 1, U(t +1) and E(t + 1) are known and the con-

trol method is repeated again. Note that the observed U(t + 1) and E(t + 1) values may be different

from those predicted by the controller at time t.

Figure 2 shows the controller structure comprising the processor model, estimators, and the optimizer.

The processor behavior of interest is described in terms of the dynamic queue utilization U(t) and the cor-

Figure 2. The basic structure of the model predictive controller
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responding energy consumption E(t). We assume discrete sampling times with uniform interval sizes. If

q(t) denotes the queue length at time t, then the estimated queue length at time t + 1 is:

where  and  denote the estimated data arrival rate and execution time, respectively, and

 is the scaling factor; the execution time  is obtained with respect to the

maximum processor frequency fmax. The corresponding queue utilization is:

where qmax, the maximum queue size, is constrained by the available memory. The energy consumed by

the processor while operating at frequency f(t + 1) is:

The optimizer then minimizes the following cost function to obtain the required operating frequency f(t):

where wu and we are designer-specified weights denoting the relative importance of variables U(t) and E(t),

respectively.

A good estimator of future system inputs (outputs) is crucial to the predictive controller design dis-

cussed above. As shown in Fig. 2, we use ARMA estimators to predict the future data arrival rate 

and corresponding execution time ; for example, given the arrival rate  at sampling instant t

and the mean  of past observed rates (over a specified history window), the estimated rate  is:

where the gain β determines how the estimator tracks variations in the observed arrival rate; a low β biases

the estimator towards the current observation while larger values favor past history. Rather than statically

fix β, an adaptive estimator described in [12] can be used. It tracks large arrival-rate (execution time)

changes quickly while remaining robust against small variations. When the estimated values match the

observed ones, those estimates are given more weight with a higher β. If, however, the estimator does not

accurately match the observed values, β is decreased to improve convergence. A second ARMA filter is

used to adapt the gain β(t) dynamically as follows:

where  denotes the error between the observed and estimated arrival rates at time t and  denotes the

mean error over a certain history window, and  is empirically determined. Then,  where

 denotes the largest error seen in the corresponding history window.

Given the processor model in terms of queue utilization and energy consumption, a cost function, and

inputs { fi} , at each sampling instant t, the online controller guides the processor through the corresponding
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α t 1+( ) f t 1+( )
fmax

-----------------= ĉ t 1+( )
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state space , . From the current state x(t), the online controller constructs the

tree of (all) possible future states , , upto the specified depth (horizon) N by applying

input frequencies from { fi} −the search heuristic used by the controller is discussed in more detail later in

the Section. The set of states minimizing the cost function at depth N is selected, and a state xm is chosen

from this set and traced back to x(t) through the state space to identify the input sequence leading to xm; the

first member of this sequence is then applied to the processor. The above control action is repeated at each

sampling period.

Since control actions are typically taken after exploring only a limited number of states, we must guar-

antee the feasibility of the online controller at design time, i.e., it must maximize (minimize) the specified

performance objectives in finite time even under observation (or measurement) errors. Abdelwahed et al.

[3] discuss the necessary and sufficient conditions for an online control algorithm to be feasible, and we

now discuss the intuition behind their proof. A discrete-event system such as ours is online controllable if

for any state, it is always possible to find an input controlling the immediate system evolution by incre-

menting (decrementing) some state variables; In other words, the system must possess a sufficient degree

of freedom to traverse the state space when an inputs is applied.

The controller must also guarantee stability by operating the processor within a predefined safe region−

typically obtained by limiting the values of some (or all) system variables. In our system, both the operat-

ing frequency and queue size are bounded from above by fmax and qmax, respectively; data items are sim-

ply dropped if queue size exceeds qmax. Therefore, the overall system is inherently stable.

Algorithm Design: As noted earlier, the predictive control ler evaluates multiple system states within

some finite look-ahead interval to determine the best input to apply at current time t. The number of possi-

ble states to be explored depends on the size of the input set { fi}  and the specified horizon interval. The

controller must therefore evaluate the nodes of a search tree having a specified depth. We now propose an

efficient search heuristic suitable for online control.

During each sampling instant, the control algorithm accepts the current state x(t), operating frequencies

{ fi} , and search depth dmax as input, and returns the best input f(t) to be applied to x(t). At each increasing

depth, however, fewer state spaces may be explored. The intuition behind this strategy is the following. It

is reasonable to expect the accuracy of the arrival-rate and execution times estimators to degrade with

increasing tree depth, i.e., further down the prediction horizon. Also, since the best node, in terms of the

cost function F(t), is updated during each step of the search process, the search algorithm may be stopped

at any point, especial ly for controllers executing within a fixed time budget. This implies a trade-off

between control quality and timeliness.

x t( ) U t( ) E t( ),( )= x t( ) ℜ2∈

x t k+( ) k 1…N=
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4 Performance Evaluation

We have evaluated the performance of the proposed controller using synthetic workload. Figure 3

describes some of the simulation parameters assumed in our simulations. The weights wu and we prioritize

the energy consumption and queue utilization terms in the cost function (see Section 3) to be optimized,

and are specified by the system designer.

Figure 4 summarizes the controller performance corresponding to one simulation run. Figures 4(a) and

(b) show the generated data arrival rates and execution times; the distribution aims to simulate a somewhat

predictable data stream which can be estimated with reasonable accuracy. Figures 4(c) and (d) show the

behavior of the control ler under this workload in terms of  energy and queue uti lization, respectively.

Finally, Fig. 4(e) shows the impact of the search depth (or prediction horizon) dmax on controller behavior.

Increasing dmax clearly results in better control−quantified by the cost of the obtained solutions in Column

5. However, the controller overhead increases correspondingly, as indicated by the number of explored

states in Column 2.

Figure 5 shows another simulation run of the controller; the data arrival rates in Fig. 5(a) exhibit some-

what less predictability from those of Fig. 4(a). It can be seen from the controller performance in Figs. 5(c)

and (d) that the estimators track the system behavior closely. Furthermore, increasing dmax results in better

control action.

5 Conclusions

Embedded processors must be operated in power-efficient fashion to maximize their l ifetimes while

satisfying application-specific QoS requirements. We have proposed a predictive controller to efficiently

manage power consumption in such processors; the controller uses DVS to process (environmental) data

with time-varying arrival rate and execution times as per specified QoS requirements at the lowest possible

Figure 3. Important system parameters used in the simulation experiments

Simulation parameter Value

Max. queue size qmax 100

Weight wu 0.65

Weight we 0.45

Frequency inputs { fi} Between [200, 600] Mhz in 25 
Mhz increments
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operating frequency. We have described the processor model, formulated the power management problem,

and derived the corresponding controller. Finally, the proposed controller was evaluated via detailed exper-

iments using synthetic workloads and its performance was found to be satisfactory.

As part of future work, we will quantify the execution time overhead of the predictive controller on an

actual embedded processor. We also plan to integrate the controller within the state machine described in

Fig. 1(a) to achieve comprehensive power management of the processor.
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