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Abstract. Polymorphous computing architectures refer to computing platforms
whose computation and communication structures can be changed over time.
The objective of such platforms is to use the underlying reconfigurable compo-
nents and attributes to adapt to dynamically changing constraints, objectives,
and characteristics in the applications that execute on them. In this paper, we
present a model for executing applications with non-deterministic execution
times and time-varying performance requirements on a polymorphous architec-
ture. We analyze the complexity of various issues related to the model, and iden-
tify some broadly-applicable conditions under which the complexity of these
issues can be reduced. We develop a heuristic framework for guiding the run-
time configuration adaptation process, and show through simulation experiments
that this approach can efficiently handle both dynamics in performance require-
ments and in task execution times.

1.  Introduction
There have been many advancements in recent years on architectures for recon-

figurable processing engines (e.g, see [7][12][13]). With the increasing degree of
reconfigurability in processing architectures, it is useful to view embedded multipro-
cessor systems as polymorphous computing architectures (PCAs) in which config-
urable attributes of the architecture and software are adapted in response to
dynamically changing needs. Such attributes may include items such as inter-processor
message routing, caching policies, scheduling policies, processor voltages, resource
allocation to computing units, and synchronization protocols. A PCA can be a particu-
larly useful platform for developing a computing system where applications and per-
formance requirements change at run-time as one can adaptively configure the PCA to
suit the dynamic constraints and objectives. 

This paper takes a step towards bridging techniques for scheduling and system
synthesis with reconfigurable processing platforms and the dynamically-changing
application requirements that drive these platforms. We first formulate the problem of
executing application dataflow graphs on a polymorphous computing architecture such
that specified performance requirements are satisfied, where the requirements may
vary over time and the application may have tasks with non-deterministic execution
times (e.g., due to data dependencies or unpredictable events such as cache misses and
interrupts). We analyze key properties of this problem and the complexity of some rel-
evant sub-problems. We then develop a flexible heuristic framework for guiding the
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run-time configuration adaptation process, and show through simulation experiments
that this approach can efficiently handle both dynamics in performance requirements
and dynamics in task execution time behavior.

In the application model addressed in this paper, computational tasks (actors),
which are represented by dataflow graph vertices, in the application are allowed to
have stochastic execution times with static distributions or distributions that may vary
slowly over time. The computing unit is a reconfigurable multiprocessor architecture,
and the objective is to find a mapping of the actors in the application onto the proces-
sors in the multiprocessor and the configuration that the architecture should assume
such that performance-related constraints (e.g., constraints on power, resource usage or
throughput) are satisfied and objectives (e.g., maximizing throughput or minimizing
latency) are optimized effectively. Furthermore, the constraints and objectives may
vary over time, and thus, overall solution quality can be viewed in terms of how effi-
ciently reconfiguration of the architecture tracks changes in the application’s require-
ments. Henceforth, we will refer to this problem as the polymorphous computing
architecture mapping (PCA mapping) problem. As can be seen, the PCA mapping
problem is quite general in nature and even very restricted special cases can be proved
to be NP-complete. 

The approach suggested in this paper is correspondingly general and can handle
diverse applications and performance requirements. All the reported experiments were
performed on an abstraction of the Raw architecture [12] that incorporates salient fea-
tures of the architecture such as the programmability of interconnects between proces-
sors. For experiments, the self-timed execution of applications on this abstracted Raw
architecture was simulated using the inter-processor communication (IPC) graph
model [12].

The emphasis in this paper is on coordination of the on line configuration man-
agement process for reconfigurable networks of processors, rather than the develop-
ment of specialized configuration optimization techniques (such as fixed-objective
scheduling and allocation), which are already in abundance in the literature (e.g., see
[11] for a survey). Our work is complementary to such existing efforts and also to
work on multiprocessor system synthesis [1][2], which can be used to derive the store
of pre-computed configurations that is input to the techniques developed in this paper.

2.  Problem formulation
A set of relevant metrics, such as latency, throughput, average power, peak

power, and number of resources, is denoted by . If a certain metric appears as a con-
straint with a value to be satisfied when the application executes, then this metric is
referred to as a constraint metric and the value as a constraint value for that particular
metric. A constraint value belongs to the set of real numbers. A pair of constraint met-
ric and constraint value is called a constrain pair. A sequence of constraint pairs in
turn is referred to as a constraint vector, and is denoted by

, (1)
where  represent any  metrics in , and  represent the
corresponding constraint values, for , where  is the number of all con-
straint pairs. This (possibly empty) sequence of constraint pairs in a constraint vector

M

V m1 c1,( ) m2 c2,( ) … mK cK,( ), , ,[ ]=
m1 m2 … mK, , , K M c1 c2 … cK, , ,

K 0 N,{ }∈ N
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is prioritized such that  is a higher priority constraint pair than a constraint pair
 if , for  in a constraint vector

. A metric  that is to be optimized after all
constraints have been satisfied is called a residual objective. A goal  is an ordered
pair , where  is a constraint vector and  is a residual objective. If there is
no residual objective, then the goal is composed of only a constraint vector and can be
represented by . Here, the symbol  represents the absence of a residual objec-
tive. Also, without loss of generality, the metrics are such that the associated optimiza-
tion problems are to minimize the metric (i.e., a lower value of a metric is always better
than a higher value). Metrics for which higher values are more desirable must thus be
transformed into corresponding metrics for which lower values are better. For exam-
ple, in iterative applications, the throughput (average rate of completion of application
iterations) can be re-cast as the average iteration period, which is the reciprocal of the
throughput.
Example 1: Consider a set of relevant metrics , where  is the
latency,  is the average power consumption, and  is the iteration period. Consider
the goal . In , the constraint pair

 has higher priority than the constraint pair , which in turn has higher
priority than the constraint pair . The metric  is the residual objective.

This definition of reconfiguration goals as prioritized lists with optional residual
objectives leads to a view of dynamic reconfiguration as a sequence of one-dimen-
sional optimization problems. This simplification is useful because run-time adapta-
tion techniques must be of relatively low complexity, and thus, one-dimensional
optimization is a better match. Additionally, it allows us to leverage existing libraries
of single-dimensional synthesis techniques, which are more abundant than multi-
dimensional techniques. Third, it provides an intuitive and unambiguous format for
designers to prioritize multidimensional application requirements. Note, however, that
this formulation applies only to run-time reconfiguration, and multi-dimensional opti-
mization techniques, such as SPEA-based methods [14], can be used off-line in arbi-
trary ways to compute caches of pre-computed configurations. Use of such caches will
be discussed further in Section 3.2-5.

For example, in Example 1, we initially have an unconstrained latency optimiza-
tion problem (since the first constraint involves latency). As we adapt the system con-
figuration with techniques that address this problem, we will in general improve the
latency. Once the latency improves to  time units, the current constraint is satisfied,
and we switch to a power-optimization problem subject to a constraint of .
The optimization process may continue in this manner until the last constraint is satis-
fied (in this case, ), at which point run-time adaptation stops (if there is no
residual objective) or reaches a terminal mode of optimizing the residual objective
subject to all constraints in the constraint vector. This mode then continues until the
system shuts down or the application’s goal changes.

Mapping an application to a multiprocessor architecture includes defining a task-
to-processor mapping along with defining the configuration of the reconfigurable
architecture. In this paper, the scope of the word “configuration” is expanded to
include also the mapping of the application onto the reconfigurable architecture.

mi ci,( )
mj cj,( ) i j< i j 1 2 … K, , ,{ }∈,

V m1 c1,( ) m2 c2,( ) … mK cK,( ), , ,[ ]= mR
g

V mR,( ) V mR

V ⊥,( ) ⊥

M L P T, ,{ }= L
P T

g L 50,( ) P 100,( ) L 40,( ) P 70,( ) T, , , ,[ ]= g
L, 50( ) P, 100( )

L 40,( ) T

50
L 50=

P 70=
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Therefore, a configuration consists of two components 1) task-to-processor mapping
and 2) configuration of the architecture. Henceforth, the word “configuration” is used
in the above sense, unless stated otherwise. A given application, goal, and resource set
define an instance of the PCA mapping problem. Input to the model is an instance that
may change with time. We define the design space as the set of all feasible combina-
tions of an instance and a configuration. The solution space for a feasible instance is
the set of all feasible configurations for that instance. Latency, throughput, average
power and peak power are some of the commonly encountered metrics. With many
metrics of simultaneous relevance, the goal space is too vast to be fully explored
before run-time, and run-time adaptation of configurations is generally advantageous. 

Figure 1 illustrates a general model for solving the PCA mapping algorithm with
a combination of off-line and on-line techniques. The main components of the model
are the off-line component, the configuration store (CS), and the on-line component.
The off-line component, whose objective is to pre-compute a set of efficient candidate
mappings for various run-time scenarios, can be constructed using existing methods
for scheduling, system synthesis, and multi-objective optimization. The focus of this
paper is thus on the on-line refinement component and its interaction with the configu-
ration store.

For a given instance, not every configuration is suitable as some configurations
may violate constraints or may not adequately address residual objectives. As the goal
changes for a given application, the system needs to derive a suitable adaptation of the
run-time configuration. Optimally solving this problem is undecidable in many con-
texts. Also, reconfigurability of the architecture and the stochastic variance of execu-
tion times greatly complicates the solution space consisting of all possible
configurations for the input of a goal and a given application. Since computing a suit-
able configuration is performed during the execution of an application, one can not
apply exhaustive or relatively sophisticated search strategies as those techniques will
take away excessive computational resources away from the application itself. To
address this trade-off (thoroughness of dynamic optimization vs. resources drained
from the application), our model of the PCA mapping problem also accounts for the
time spent in computing efficient adaptations of mappings at run-time on the basis of
feedback obtained from execution and identification of bottlenecks, and hence always
tries to move towards an optimal solution. This is taken care of in the on-line refine-
ment part of the model, which consists of low-complexity algorithms that find and
refine configurations for a given instance. It also consists of feedback units shown by
the “Identify bottlenecks” block in Figure 1 that takes feedback from the execution of
the configurations and modifies the configurations so as to better suit the active goal.
The OnlineStats unit in the on-line refinement part of the model stores short-term sta-
tistics that can be used by on-line algorithms.

 A configuration store is used to store high-quality points in the design space that
have been explored so that one can use them later as need be. The off-line refinement
part of Figure 1 consists of high-complexity algorithms that yield better solutions. It is
acceptable for them to be of high-complexity as they are used off-line, and do not com-
pete for resources with the application. In Figure 1, the STATS unit stores statistics
about the application (e.g., distributions of execution times for different actors, fre-
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quencies of occurrence of some particular regions of the goal space, etc.). Off-line
algorithms use these statistics to explore the solution space for input instances.

As soon as the goal or application changes, an initial configuration is found using
the on-line configuration management component in conjunction with the configura-
tion store. On-line algorithms keep improving the configuration that is being executed,
using the feedback from the execution. In the meantime, off-line algorithms may keep
exploring areas of design space and merge the relevant information into the configura-
tion store (for use in the selection of future initial configurations).

Off−line Algorithms

CS

STATS

Mapping
/Configuration

Execution

Application

Identify
bottlenecks

On−line algorithms
A1
A2

An

OFF−LINE REFINEMENT PART

ON−LINE REFINEMENT PART

Objective vector (O)

OnlineStats

Fig. 1. An overview of the system-level reconfiguration framework studied in this paper.
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3.  Configuration management model
The overview of our PCA system synthesis model shows that it is very adaptive

in nature and hence is suitable for applications with stochastic execution times and
time-varying goals. This section develops further details of this model.
3.1 Evaluation of configurations and goals

It is useful to define some measure of how well a given configuration executes
for a particular instance. This evaluation measure should allow unambiguous compari-
son between two configurations based on the current goal. 

Suppose we are given a goal , where
. (2)

We define the quality of a system configuration  with respect to goal , denoted
 (or simply  if  is understood) as the ordered pair ,

where  is the index of first unsatisfied constraint in the constraint vector of 
(i.e., the lowest-index constraint in  that is not satisfied by the configuration), and 
is the value obtained for the metric . If configuration  satisfies all  con-
straints in the constraint vector of , then we say that  satisfies , and in this case,

, where  is the value obtained for the residual objective  if
 or .

In summary, the quality of a configuration measures a configuration with respect
to a given goal, and given a goal and two configurations  and  with qualities

 and  for that instance, respectively,  has
higher quality than  if

 or . (3)
3.2 Configuration store

A configuration store serves as a repository of alternative configurations. A con-
figuration store can be divided into several sub-stores (sub-CSs), one for each relevant
application. Each sub-CS has some configurations stored in it, one for a specific com-
bination of goal and resource set. In the later part of this section, we assume that we are
dealing with a fixed application and a fixed resource set, unless stated otherwise. This
does not detract from the generality of the ideas developed later as they can be general-
ized to include various applications and resource sets using the hierarchical model of
configuration store explained above. 

Assuming a fixed application and resource set, selecting the goals whose corre-
sponding configurations should be stored in the configuration store depends on various
factors such as the size of the configuration store; the optimality of the stored configu-
ration; computational resources drained from the application during execution by the
on-line refinement algorithms; and the expected or observed frequency of specific
goals.
3.3 Acceptability of configurations

Notions of acceptability and cover emerge naturally from this concept of config-
urations stores, and guide the construction and adaptation of the configuration store in
our model. For example, one can envision the reconfiguration process as selecting an
acceptable configuration, and gradually tightening the notion of acceptability to guide
the on-line refinement process. The following definition makes these notions precise.

g V mR,[ ]=
V m1 c1,( ) m2 c2,( ) … mn cn,( ), , ,[ ]=

C g
Qg C( ) Q C( ) g Q C( ) k v,( )=

k 1+ g
g v

mk 1+ C n
g C g

Q C( ) n 1 vR,+( )= vR mR
mR ⊥≠ vR -∞  if  mR ⊥= =

C1 C2
Q C1( ) k1 v1,( )= Q C2( ) k2 v2,( )= C1

C2
k1 k2>( ) ((k1 k2) and (v1 v2))<=
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Definition 1: Given two goals  and , we say that  is acceptable for ,
denoted , if a configuration that satisfies  is an acceptable implementation
for . If , we also say that  covers . Given a set  of goals and a spe-
cific goal , the space of  over  (or simply, the space of , if  is understood) is

. Thus, the space of a goal  is the set of goals that are acceptably
implemented by any configuration that satisfies . The space of a goal  is repre-
sented by . 

The following result, proved and elaborated on in [9], shows that the acceptabil-
ity of configurations is a particularly well-behaved relation if it is a partial order.
Theorem 1: If we have a finite set  of relevant goals, and the acceptability relation is
a partial order, then there exists a unique, minimal set of goals  such
that

, (4)

and this set of goals can be computed in polynomial time in , the number of rele-
vant goals.
Definition 2: Dominance relation: A point  dominates a point  if

, where  and  denote th components of  and ,
respectively.

One can see that the dominance relation is a partial order [5]. We can have an
acceptability relation between goals based on the dominance relation where a goal 
is acceptable for a goal  if the constraint vector of the goal  dominates the con-
straint vector of the goal , and the residual objectives for both goals are same. The
following example illustrates an acceptability relation that is not a partial order.
Example 2: Suppose that we have a single constraint metric, which is the average iter-
ation period  of the system. Thus, the constraint associated with a goal  can be
expressed as the desired average iteration period . Suppose that in a particular
implementation context, the acceptability relation  is defined by

 for some positive real number . Thus, a configuration for 
can be worse than what is desired under , and still be acceptable for , as long as
the deviation does not exceed the threshold . Suppose also that the goals 
and  have desired average iteration period values of

,  and . (5)

One can then see that  and  but  is not acceptable for . There-
fore, this acceptability relation is not transitive, and thus, is not a partial order.

An acceptability relation between goals based on the dominance relation or any
other partial order leads to valuable properties such as that exposed by Theorem 1.

g1 g2 g1 g2
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Also, the dominance relation is a natural candidate for an acceptability relation among
goals, as a configuration corresponding to the dominating goal can be used in place of
a configuration corresponding to the dominated goal without violating any constraints.
This motivates our use of the dominance relation in managing configuration stores.
One can observe that our approaches of defining a goal and the quality of a configura-
tion are all consistent with acceptability based on the dominance relation.

4.  On-line configuration management
In this section, we define an on-line configuration management framework called

CMF that defines how to choose an initial configuration for a particular instance, and
how the on-line adaptation for that configuration should proceed. We also formulate
problems related to storage of configurations in the configuration store. These prob-
lems and our models to solve them provide fundamental analysis of the complexity of
configuration management and provide feasible, low-complexity solutions to this
problem.

A pseudocode outline of the CMF approach is shown in Figure 2. The objective
is to provide a framework that imposes minimal constraints on how reconfiguration is
actually performed, while providing systematic support for managing the reconfigura-
tion process in terms of configuration stores, performance constraints, and optimiza-
tion objectives. CMF is a meta-algorithm because specific details of the architecture,
the application, and the on-line adaptation algorithms are left unspecified, and can be
customized based on the relevant classes of applications and architectures. This meta-
algorithm maintains a current objective at all times, where the goal is always to
improve the current objective without violating any of the previously satisfied con-
straints. The function onLineAdaptation takes an objective metric, a constraint value,
and a configuration as inputs, and keeps refining the configuration in an effort to con-
tinually improve its quality (as defined in Section 3.1). This function would typically
be called within an enclosing loop that performs any system-dependent re-initializa-
tion and re-invokes the function immediately after the previous invocation of the func-
tion terminates (observe that the function terminates when the current goal is
changed).

Pseudocode for the related functions is given in Figure 3. We have implemented
CMF, and simulation results pertaining to it are discussed in Section 5.
4.1 Issues related to configuration management

Before proceeding with discussion of our experiments with CMF, we first study
some fundamental versions of the problems related to configuration management, dis-
cuss their complexity, and relate aspects of them to well-studied problems. Two related
problems regarding the size of the configuration store are as follows. 

P1.  Find the minimum size configuration store and the goals that should be 
stored in it such that all the relevant goals are covered.

P2. If one has a well-defined measure of “distance” between goals and the 
goal-pace is a metric space [4], then for a given fixed size configuration store, find the 
goals whose configurations should be stored such that the sum of the distances of those 
goals that are not present in the configuration store, from the distance-wise nearest 
goal present in the configuration store, is minimum.
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function CMF

/* Global variables accessed: the current goal and the set
of pre-computed configurations, respectively.
*/

global goal  
global configurationStore 

stack ;
goal , ;

/* The current optimization metric and the current 
constraint to satisfy 
*/
objective 
constraint 

while ( ) {
( , , ) = demoteConstraint( , )

}

/* Select an admissible configuration from  using some 
heuristic or specialized, optimal algorithm. 
*/

 = select( )

/* Keep trying to refine the current configuration accord-
ing to the current goal until the goal changes (  may 
change at any time under external control).
*/
while  {

while (  is not satisfied by ) {
onLineAdaptation( , ,

)
}
/* Move to the next unsatisfied constraint or to 
the residual objective */
( , , ) = promoteConstraint( , )

}
end function

gc m1 c1,( ) m2 c2,( ) … mK cK,( ) mR, , , ,[ ]=
C

S emptyStack=
g go

g go gc= =

objectivec mR=
constraintc null=

σ c C∈ c satisfies g{ }=
σ ∅=
g constraintc objectivec g S

σ c C∈ c satisfies g{ }=

σ

configurationc σ

gc

  (gc go)=
constraintc configurationc

objectivec constraintc
configurationc

g constraintc objectivec g S

Fig. 2. The CMF framework for goal-driven reconfiguration.
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P1 and P2 can be viewed, respectively, in terms of the well-known problems of
minimum dominating sets and k-medians. To reduce P1 from the minimum dominat-
ing set problem [5], for every vertex in the dominating set problem, instantiate a goal,
and for every edge, instantiate a condition that the goal corresponding to the source
vertex is acceptable to the goal corresponding to the sink vertex. The problem P1
related to this set of goals and the acceptability relation among goals is equivalent to
the given minimum dominating set problem instance. The vertices in the given mini-
mum dominating set problem instance, corresponding to the goals that should be
stored in the configuration store (found by solving P1) constitute a minimum dominat-
ing set for the given minimum dominating set problem instance. This can be used to
show that the problem P1 is NP-hard (see [9] for more details). However, if the accept-
ability relation is a partial order, then the minimum dominating set can be found in
polynomial-time by picking up all the vertices with no incoming edges in the graph of
the minimum dominating set problem. This is in accordance with Theorem 1, and fur-
ther underscores the advantage of using acceptability relations that are partial orders.

If the associated distance function is defined between any two goals and the goal-
space is a metric space, then problem P2 can be modeled in terms of the k-median

function promoteConstraint
input goal , stack 
output goal, constraint, objective
goal 
constraint 
objective 
constraint 

return { , , )
end function

function demoteConstraint
input goal , stack 
output goal, constraint, objective
goal 

.
return ( , , )
end function

g m1 c1,( ) m2 c2,( ) … mK 1– cK 1–,( ) mK, , , ,[ ]= S

g′
v S.pop()=

m S.pop()=
x S.pop()=

S.push(x)
g′ m1 c1,( ) m2 c2,( ) … mK 1– cK 1–,( ) mK v,( ) m, , , , ,[ ]=

g′ x m

g m1 c1,( ) m2 c2,( ) … mK cK,( ) mR, , , ,[ ]= S

g′
S.push(mR)
S.push(cK)
g′ m1 c1,( ) m2 c2,( ) … mK 1– cK 1–,( ) mK, , , ,[ ]=

g′ cK mK

Fig. 3. Definition of functions promoteConstraint and demoteConstraint from Figure 2.
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problem [2, 8], as shown in [9]. For the simple case of a two-dimensional goal space, a
polynomial-time approximation algorithm with a 3-approximation factor exists for the

-median problem [2].
Configuration management problems P1 and P2 can be viewed as extreme cases

in the sense that in one of them we want to cover all feasible goals without considering
how large the minimum size configuration store would be (P1), and in the other case,
we have a fixed size configuration store and we are trying to find out the maximum
number of goals that can be covered using that configuration store even though that
number could be much less than the total number of relevant goals (P2). A more elab-
orate formulation would be one in which we have to pay extra cost for increasing the
size of the configuration store, but we would be gaining some additional service by
that by being able to store more goals in the configuration store. This way we can
explore various trade-offs between the size of the configuration store vs. the number of
goals stored in a well-defined way. For the specific case when a distance function is
defined between any two goals and the goal-space is a metric space, these trade-offs
can be explored by modeling this problem as a facility-location problem [4, 8, 10], as
explained in [9]. A polynomial-time algorithm with an approximation guarantee of
1.74 exists for the facility location problem [4].

5.  On-line adaptation
In this section, we focus on the metrics of throughput and power consumption,

and develop low-complexity, on-line strategies based on heuristics for throughput opti-
mization and power optimization as implementations of the function onLineAdapta-
tion in Figure 2. The objective is to demonstrate the efficacy of the CMF model, and
show that it can produce efficient tracking of time-varying application requirements.

The approach of taking feedback from the execution of the application makes
these on-line methods able to handle even applications with stochastic execution times
that have time-varying distributions, in addition to applications with fixed execution
times, and applications with stochastic attributes that have stationary distributions. In
general, this on-line refinement formulation can thus be viewed as an approach to
tracking the dynamics of the goal and the characteristics of the application. 

To experiment with CMF, we used a simple heuristic based on load balancing
[15] to optimize throughput during online adaptation. Pseudocode for this heuristic is
represented by function adaptThroughput in Figure 4. In the pseudocode,

 is a function that chooses  tasks from a maximally loaded processor
in a configuration , and randomly, moves them to appropriate locations on a mini-
mally loaded processor, and returns the modified configuration. Randomization in
choosing tasks from the maximally loaded processor provides a low-complexity
approach to increase the explored region of the design space and to calibrate the con-
figuration to dynamic application characteristics. The function  is a
function that executes the application according to configuration  for a time interval
of length , and returns the throughput of the application during that interval. The
value of  to use depends on the non-determinacy of the application. We define the
non-determinacy of an application in the following way.

Let the number of possible execution times taken by an actor  be denoted by .

k

moveTask c n,( ) n
c

executeTr c l,( )
c

l
l

i ni
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We denote the set of  possible execution times taken by an actor  as
{ }. The probability of occurrence of a possible execution time  for
actor , is denoted by , for all . The degree of non-determinacy  is a
measure of the overall amount of non-determinacy in the application, specifically, in
the actor execution times, and is defined as

, (6)

where  denotes the mean execution time of actor , and is defined as 

/* This function adapts the given input configuration 
while executing the application. 

*/
function adaptThroughput
input configuration 
global constant time , time 

time 
time 
configuration 

while  {

if (exhausted all -task movements 
without improvement){

}

if( ) {

}

}
end function

c
timelimit l

told executeTr(c l, )=
t

cold c=
n 1=

clock timelimit<( )
c moveTask(cold n, )=

n

n n 1+=
c moveTaskTr(cold n, )=

t executeTr c l,( )=
t told≥

cold c=
told t=
n 1=

clock clock l+=

Fig. 4. An online adaptation approach for throughput optimization.
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. (7)

Generally, the more non-deterministic the application is, the longer it needs to be
executed to determine an accurate value of average throughput. 

The function adaptThroughput returns a configuration that it deems most appro-
priate for throughput maximization. Note that if moving any single task from the max-
imally loaded processor to the minimally loaded processor does not improve
performance then the heuristic chooses a pair of tasks to be moved to another proces-
sor. This approach of progressively increasing the number of tasks to be moved contin-
ues whenever all combinations for a particular number of tasks have been exhausted.
This approach thus attempts to make small low-complexity changes first and if that
does not improve performance, the approach gradually reaches towards higher-com-
plexity changes. The higher complexity changes are larger in number than small, low-
complexity changes, and help the system in escaping from local minima.

In our experiments, inter-processor communication (IPC) per time unit during the
execution is taken as an estimate for relative power consumption. Since IPC consumes
relatively large amounts of power, it is a reasonable approximation for comparing the
power consumption levels of alternative configurations on a homogeneous multipro-
cessor. To find a configuration that reduces the power consumption, we use an
approach (called adaptPower) similar to the adaptThroughput approach used for
throughput optimization, except that the probability of a task on a maximally loaded
processor being transferred to a minimally loaded processor depends upon the IPC
associated with that task. The higher the IPC associated with a task, the higher its
chances are of being transferred to another processor.

6.  Experimental results
An on-line adaptation scheme for refining a given goal is specified in Figure 5,

and it is represented as function onlineAdaptation in the CMF pseudocode of Figure 2.
In Figure 5, the appropriate online optimization strategy, such as the adaptThroughput
or adaptPower approaches discussed above, is selected depending on the current opti-
mization objective and system state. Typically, this strategy will be drawn dynamically
from a library of simple, low-complexity techniques.

Table 1 shows the performance of our implementation of CMF using the heuris-
tics developed in Section 5 for throughput optimization and power optimization based
on various goals applied to several DSP benchmarks, including fast Fourier transform,
filter bank, music synthesis, and measurement applications. The starting configuration
that is refined is found by using standard critical path scheduling. The critical path
length is computed in terms of average execution times of actors. The set of relevant
metrics  for our experiments is , where  denotes the average iteration
period of the execution and  denotes the average power consumption. Experiments
are reported for the following eight goals. 
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 = {(T, 260), (P, 0.240), T}
 = {P, 0.125), (T, 180), P}
 = {(T, 165), (P, 0.110), (T, 160), P}
 = {(T, 360), (P, 0.160), (T, 355), (P, 0.155), (T, 350), P}
 = {(T, 345), P}
 = {(T, 215), (P, 0.040),T}
 = {(P, 0.053), (T, 215), (P, 0.050), (T, 210), P}

In Table 1, the column titled “Goal” represents the goal that is applied to the
application. Also, for a non-negative integer , column  denotes the value of a met-
ric of the best configuration found by the on-line adaptation scheme, after  configura-
tions have been assessed by executing them for some time. For the same experiments
that are reported in Table 1, Table 2 shows the times at which different constraints
associated with the applied goals are satisfied. For a given goal that is applied to an
application,  denotes the number of configurations that have been executed in order
to assess them before the th constraint in the applied goal is satisfied. One can see

Applicati
on Goal Metric

fft1 0 T 278 278 278 278 256 254 254

P .273 .269 .269 .269 .204 .226 .226

fft1 .359 T 309 256 251 251 251 252 259

P .242 .282 .278 .278 .278 .257 .221

qmf 0 T 145 242 198 198 186 170 170

P .133 .117 .098 .098 .088 .096 .096

qmf .256 T 142 164 162 162 153 153 153

P .136 .127 .110 .110 .110 .110 .110

karp 0 T 395 353 346 342 342 342 342

P .131 .158 .156 148 .148 .148 .148

karp .309 T 450 352 300 342 342 346 346

P .115 .155 .159 .151 .151 .148 .148

meas 0 T 220 212 201 184 184 184 184

P .054 .075 .059 .021 .021 .021 .021

meas .405 T 185 218 212 212 212 210 196

P .064 .018 .037 .037 .037 .019 .040

Table 1.  Experimental results for CMF.
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Fig. 5. On-line adaptation scheme. This is an elaboration of function onLineAdaptation,
which is called in Figure 2. It is effectively a wrapper for specialized reconfiguration opti-
mizations.

function onLineAdaptation
input , , 
global goal , , 
global constant time 
global stack  /* constraint stack */

time 
while (  and ){

while  is not satisfied {
if ( ) {

adaptThroughput( )
} else if ( ) {

adaptPower( )
} else if …

… /* adapt for other objectives */ …
}

}
( , , ) = promoteConstraint( , )

}
end function

objectivec constraintc configurationc
g gc go

timelimit
S

t 0=
t timelimit< gc go=

constraintc
objectivec throughput=

configurationc
objectivec power=

configurationc

g constraintc objectivec g S

App. Goal

fft1 0 1 37 39 42 -

fft1 .359 7 56 - - -

qmf 0 8 48 - - -

qmf .256 0 13 36 - -

karp 0 4 7 9 28 28

karp .309 16 - - - -

meas 0 8 28 - - -

meas .405 3 17 17 48 -

Table 2.  Results for CMF tracking an applied goal.

λ n1 n2 n3 n4 n5

g1

g2

g3

g4

g5

g6

g7

g8
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that in these experiments, CMF is able to meet the constraints specified in the given
goals within a reasonable number of configurations.

7.  Conclusion
In this paper, we have developed a framework called CMF for on-line adaptation

of system-wide configurations of embedded multiprocessors. The objective is to pro-
vide a framework that imposes minimal constraints on how reconfiguration is actually
performed (i.e., the specific optimization algorithms that are used during off-line and
online configuration synthesis), while providing systematic support for managing the
reconfiguration process in terms of configuration stores, performance constraints, and
optimization objectives. The CMF approach is shown to be effective through analysis
and experimental results on several DSP benchmarks, which demonstrate the ability of
CMF to systematically adapt system configurations towards progressively better solu-
tions for a variety of goals, even in the presence of significant uncertainties in task exe-
cution times. 
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