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Abstract

Sparse and irregular computations constitute a large
fraction of applications in the data-intensive scientific do-
main. While every effort is made to balance the compu-
tational workload in such computations across parallel
processors, achieving sustained near machine-peak per-
formance with close-to-ideal load balanced computation-
to-processor mapping is inherently difficult. As a result,
most of the time, the loads assigned to parallel proces-
sors can exhibit significant variations. While there have
been numerous past efforts that study this imbalance from
the performance viewpoint, to our knowledge, no prior
study has considered exploiting the imbalance for re-
ducing power consumption during execution. Power con-
sumption in large-scale clusters of workstations is be-
coming a critical issue as noted by several recent re-
search papers from both industry and academia. Focus-
ing on sparse matrix computations in which underlying
parallel computations and data dependencies can be rep-
resented by trees, this paper proposes schemes that save
power through voltage/frequency scaling. Our goal is to
reduce overall energy consumption by scaling the volt-
ages/frequencies of those processors that are not in the
critical path; i.e., our approach is oriented towards sav-
ing power without incurring performance penalties.

1. Introduction

Scientific computing focuses on algorithms and soft-
ware systems to enable computational modeling and sim-
ulation for knowledge discovery and design across sci-
ence and engineering disciplines. Examples include mod-
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eling fluid flow [11] and generating material microstruc-
tures for predicting macroscopic properties [21]. Typi-
cally, complex and realistic models lead to computations
on very large matrices, which dominate total application
time. Consequently, it is necessary to utilize parallel pro-
cessing on clusters of workstations or multiprocessors to
solve such applications and their underlying matrix prob-
lems. In the last decade, research in scientific comput-
ing has lead to the development of scalable algorithms
and software for such core matrix problems on paral-
lel computers. The principal focus has been on optimiz-
ing schemes for improved performance leading to library
software that can execute several fundamentaldensema-
trix operations at near machine-peak speeds [5] with near
ideal balance of loads among processors. But, many ap-
plications do not lead to such underlying dense matrix
formulations.

In a large class of simulations, the models are
based on time-dependent nonlinear partial differen-
tial equations in two or three spatial dimensions. These
are often solved with implicit Newton-type meth-
ods or semi-implicit schemes leading tosparseor ir-
regular matrix computations. Significant progress has
been made in recent years to realize scalable algo-
rithms and high-performance implementations for such
sparse computations. In many of these applications,
the sparse matrix that represents the underlying com-
putation is modeled as agraph. While every effort is
made to balance the workload across the parallel pro-
cessors through suitable graph partitioning [18], achiev-
ing sustained near machine-peak performance with
close-to-ideal load balanced mapping is inherently diffi-
cult. We consider such applications when the underlying
parallel computation can be modeled as atree with spe-
cific paths to the root representing computation at each
processor. Such an abstract model shows irregulari-
ties as imbalances in the tree [18].
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Recent trends show that power/energy consumption is
becoming a critical issue for high-end large-scale parallel
systems. We can attribute this to the following reasons.
First, the power consumption of large server-class sys-
tems is reaching mega-watts levels, and thus contributes
to a significant fraction of electric bills. Second, high
power consumption requires sophisticated cooling mech-
anisms, which are typically too costly to purchase and
even more costly to maintain. Third, allowing processors
to operate on high power for long periods of time can
hurt overall system reliability and availability. And, fi-
nally, from an environmental perspective, one may want
to reduce power consumption as much as possible. Recent
research proposed several strategies to reduce power con-
sumption in high-performance large-scale systems (e.g.,
[8] and [26]). However, none of the prior efforts, to our
knowledge, exclusively focus on sparse/irregular matrix
computations, which exhibit very different characteristics
from both dense scientific applications and web-based
commercial applications.

In this paper, we propose avoltage scalingbased en-
ergy reduction scheme for tree-based parallel sparse com-
putations. Our approach is based on extracting a rep-
resentation of load imbalances across the processors in
the parallel system, and using this information in as-
signing the most suitable supply voltages and frequen-
cies to processors in the system. This representation is
extracted after applying the load-balancing techniques
available for the problem [10]. We note that many state-
of-the-art processors (e.g., [6]) employ mechanisms that
support voltage/frequency scaling; and in large parallel
systems built from such components, each processor can
be voltage/frequency scaled independently of the others.
Our goal is to reduce the energy consumption of proces-
sors through voltage/frequency scaling as much as pos-
sible, without increasing the execution time of the appli-
cation. Therefore, our approach exploits load imbalance
across parallel processors, and applies voltage scaling to
only the processors that are not in the critical path.

The remainder of this paper is structured as follows.
Section 2 presents the tree-based computational model for
sparse scientific computing problems. Section 3 presents
our two voltage/frequency scaling algorithms. Section 4
discusses related work, and Section 5 concludes the pa-
per with a summary of our observations.

2. Tree-Based Computational Model

Consider the simulation of a time-dependent phe-
nomenon on a two or three dimensional spatial domain
Ω modeled using partial difference equations. The do-
mainΩ is typically discretized using finite-difference or
finite-element schemes, and then a system correspond-
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(a) Weighted tree. The numbers writ-
ten inside the nodes indicate the asso-
ciated computational costs.

(b) VTE tree. The three numbers inside
each node, from top to bottom, repre-
sent the voltage level, the time it takes,
and the energy consumption required
to compute this node.

Figure 1. An example weighted tree and its
VTE (Voltage-Time-Energy) tree.

ing to such a spatial discretization may be solved at each
time-step until a steady state is achieved etc. In many ap-
plications, the spatial discretization employed can be
highly irregular to allow finer resolution in regions of in-
terest and coarser approximations elsewhere. Such irreg-
ularity is reflected in the associated sparse matrix, corre-
sponding, for example, to linear system solution which
may be required at each time-step. In this paper, we con-
sider parallel sparse linear system solution as a model
application to study the role of explicit power tun-
ing strategies without impacting performance. Such com-
putations typically dominate the execution time of many
large-scale applications on multiprocessors and clus-
ters of workstations.

There are many classes of parallel sparse linear solvers
and it has been commonly observed that there is no sin-
gle method that is consistently superior across applica-
tion domains and computing platforms. Important classes
include parallel direct solvers based on sparse factoriza-
tion [7], iterative solvers [17], direct-iterative hybrids
through preconditioning [12], domain-decomposition
schemes, which are directly related to the solution of par-
tial differential equations [19], and an emerging class of
solvers that combine multiple methods [2]. However, de-
spite the differences across classes and their constituent
methods, a common element is that the sparse ma-
trix can be represented as a graph, which can then
be appropriately partitioned for parallel computa-
tion. The partitioning [18] is usually performed using
a recursive scheme for computing vertex or edge sepa-
rators and the associated partitioning tree (and related
trees) can serve as a useful model of the underlying par-
allelism and data dependencies.

We consider tree-based parallel sparse computations
that are representative of parallel sparse solvers when the
matrix is symmetric positive definite (solvers for non-
symmetric systems include many extensions but are sim-
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VoltageScaling(node){
if (node.hasChildren){

AdjustTreeVoltage(node.left, node.level);
AdjustTreeVoltage(node.right, node.level);
if (node.left.treeTime< node.right.treeTime){

fastNode = node.left;
slowNode = node.right;

} else{
fastNode = node.right;
slowNode = node.left;

}
for (newLevel = fastNode.level + 1;

newLevel< MAXLEVEL; newLevel++)
if (TreeTimeAtLevel(fastNode, newLevel)> slowNode.treeTime)

break;
newLevel = newLevel - 1;
AdjustTreeVoltage(fastNode, newLevel);
VoltageScaling(node.left);
VoltageScaling(node.right);

}
}
AdjustTreeVoltage(node, lev){

node.level = lev;
node.nodeTime = NodeTimeAtLevel(node, lev);
node.treeTime = TreeTimeAtLevel(node, lev);

}

AdjustNodeVoltage(node, lev){
childrenTime = node.treeTime - node.nodeTime;
node.level = lev;
node.nodeTime = NodeTimeAtLevel(node, lev);
node.treeTime = node.nodeTime + childrenTime;

}

TreeTimeAtLevel(node, lev){
return (node.origTreeTime / FREQ[lev]);

}

NodeTimeAtLevel(node, lev){
return (node.origNodeTime / FREQ[lev]);

}

Figure 2. Algorithm I. VoltageScaling() is
the main function, and the other four rou-
tines are helper functions. The complexity
of this algorithm is O(LN), where L is the
number of available voltage levels, and N
is the number of nodes in the tree.

ilar at a broad level). Parallel direct solvers are based
on Cholesky factorization [1], and parallel direct-iterative
hybrids use preconditioning with incomplete Cholesky
factors [23]. Such solvers have a symbolic first phase fol-
lowed by a numeric phase [14]. The symbolic phase com-
prises graph techniques to maintain sparsity, to partition
the matrix for parallel computation, and to determine the
actual structure of the Cholesky factor [15]. The numeric
phase is of dominant cost, and it includes computing the
sparse factor and using it to solve for a right-hand-side
vector [15]. Further details of the symbolic phase are be-
yond the scope of this paper, but we describe the numeric
phase to derive a suitable computational model.

The numeric phase involves computing either the
sparse Cholesky factorL (A = LLT ) or its incom-
plete variant (̂L), which contains only a limited subset
of elements ofL. The columns ofL or L̂ can natu-

rally be grouped intosupernodes. Each supernode con-
tains a set of consecutive columns, with essentially the
same zero/nonzero structure. More specifically, if a su-
pernode contains columnsi, i + 1, . . ., j, then the lower
triangular submatrix ofL induced by these columns
and the corresponding rows is dense. For an incom-
plete form,L̂ has several smaller dense blocks in each su-
pernode. These dense blocks are used to express sparse
matrix-vector operations in terms of dense matrix opera-
tions; and thus allow the use of cache-efficient computa-
tional kernels as in the case of BLAS [20].

The overall numeric phase can be organized as paral-
lel computations ontree of supernodes. Each tree node
represents a supernode ofL or L̂ and its corresponding
set of dense-matrix operations. The tree structure dic-
tates the data-dependencies; the computation at a node
depends only on data associated with the subtree rooted
at the node and its children supernodes, and the computa-
tions in disjoint subtrees can proceed independently and
in parallel. Typically, the dense matrix computations as-
sociated with each node decreases from the root towards
the leaves. Consequently, it is a common practice to ex-
ploit task-parallelism at lower levels of the tree and data-
parallelism at nodes closer to the root. The root supernode
is typically assigned to all processors. Next, each child
supernode of the root is assigned to a subset of the pro-
cessors, whose size proportional to the computations in
the subtree. This process is repeated until each processor
is assigned an independent subtree; such a subtree rep-
resents local-phase computations that proceed in paral-
lel on each processor. At ancestor nodes of such local-
phase ‘leaf nodes’, all processors assigned to the subtree
rooted at the node participate in dense distributed matrix
computations. Assignments of subtrees to processors are
computed using the proportional mapping schemes [10]
with weights on the tree to represent computation costs.
Such schemes can be refined through several passes [22]
to improve load-balance and to include costs/weights that
model both communication and computation costs. How-
ever, despite such schemes,inherent irregularitiesin the
sparse matrix will lead to imbalances.

In this paper, we use such weighted trees as the model
of computation. Specifically, the weighted paths in this
tree can be used to compute loads at each processor,
and to determine thecritical path (corresponding to the
largest load across all processors). An example weighted
tree is depicted in Figure 1(a). In this figure, the number
inside each node represents the computational cost (load)
at that node, and we use capital letters (A-I, in this exam-
ple) to identify different nodes. Leaf nodes represent the
local phase computations, and each of them is assigned
to a single processor. For example, node C is assigned
to processor P0, and node E is assigned to processor P1.
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Voltage Frequency Power
1 1 1

0.8 0.8 0.512
0.6 0.6 0.216
0.4 0.4 0.064

Table 1. Voltage/frequency/power levels
used in our examples.

Root nodes of different tree/subtrees represent the dis-
tributed phase computations. The computations at a root
node of a tree/subtree are distributed evenly across all the
processors to which the leaf nodes of this tree/subtree are
assigned. For example, the computation in node D in Fig-
ure 1(a) is assigned to processors P1 and P2, with each
processor having 50 units of computational cost for pro-
cessing node D. Similarly, the computational load rep-
resented by node A is assigned to all the five processors,
with each processor having40 (= 200/5) units of compu-
tational cost. It should be noted that the processors shar-
ing a node’s computations need to synchronize with each
other before they start the computations at this node. For
example, although P2 could finish the computations at
node F before P1 could finish its computations at node
E, P2 must wait until P1 finishes before both the proces-
sors could co-operate to start the computations at node
D. In such a weighted tree structure, the processor with
the largest load (when considering all the nodes it is in-
volved with) determines the critical path. In Figure 1(a),
P1 has the largest load, and the critical path is highlighted
using bold lines. When there is no confusion, we use the
root node of a tree/subtree to represent that tree/subtree.
For example, ‘subtree B’ refers to the subtree consisting
of node B, node C, node D, node E, and node F.

3. Voltage/Frequency Scaling Algorithms

Over the range of allowed supply voltages, the highest
frequency at which a CPU can run correctly drops pro-
portionally to the supply voltage (i.e.,f ∝ V ). Since
the main component of power consumption is propor-
tional to V 2f , it is easy to see that reducingV has a
quadratic effect on energy consumption. Consequently, a
CPU can save substantial energy by running with lower
supply voltage (hence, more slowly) [4].

In this section, we present the algorithms for dynam-
ically varying (scaling) CPU speed and voltage in order
to save energy in tree-based parallel sparse computations.
Given a tree, our main objective is to find a dynamic volt-
age scaling scheme that can maximize energy savings
without affecting the overall original execution time.

For the examples presented in this section, we assume
the power numbers (levels) given in Table 1. All the num-
bers in this table are normalized, and the original volt-

age/frequency/power numbers are1/1/1. We use aVTE
(Voltage-Time-Energy) tree to represent the voltage as-
signments for a weighted tree. Figure 1(b) gives an ex-
ample of VTE tree corresponding to the weighted tree il-
lustrated in Figure 1(a). The three numbers inside each
node of a VTE tree, from top to bottom, correspond to
the voltage level, time spent, and energy used to com-
pute that node (note that, these numbers are also normal-
ized). For example, the voltage level, time, energy con-
sumption used to compute node G, are1, 50, and100, re-
spectively. In other words, for node G, we assign voltage
level 1 to processors P3 and P4, and the time spent and
energy consumption incurred are50 (each processor gets
50 units of computation, and they run in parallel) and100
(time ∗ power ∗ number of processors), respectively.

A general rule that we follow in our algorithms is that
it is more beneficial to scale a given weighted tree as a
whole, rather than to scale the nodes one after another.
In other words, under the same performance loss bound
(i.e., allowable performance degradation), a voltage scal-
ing scheme that assigns similar voltage levels to differ-
ent nodes in the tree should result in better energy sav-
ings than a scheme that assigns different levels to nodes
in the tree. A simple example can help us explain why
this rule makes sense. Suppose that we have two nodes
which we need to run sequentially. Let us assume that
the (V oltage, T ime, Energy) values of these two nodes
are (V, 2T, 2E) and (V, T, E). Assume further that the
maximum allowable execution time is6T . If we scale
only the first node to (0.4V, 5T, 0.32E), the energy sav-
ing achieved would be1.68E. On the other hand, if we
scale the two nodes to the same voltage0.5V , which
means that their (V oltage, T ime, Energy) values be-
come (0.5V, 4T, 0.5E) and (0.5V, 2T, 0.25E), the energy
saving obtained would be2.25E. Therefore, in this ex-
ample, the latter scheme, which scales the two nodes as a
whole, generates better energy saving result. We can gen-
eralize this argument because, for the same node, the per-
formance penalty to save a certain amount of energy is
higher when the voltage level is lower (in fact, the perfor-
mance penalty is a linear function of the inverse of CPU
frequency).

Our first algorithm, calledAlgorithm I, is a recursive
one that follows the above rule. For the root node of the
tree being considered, one of its children is in the criti-
cal path and cannot be scaled as a whole. For the other
child that is not in the critical path, we can scale it and its
descendants down together until we reach a point where
a more aggressive scaling will increase the overall orig-
inal execution time of the tree. After that, we scale the
two children recursively using this algorithm; i.e., we ap-
ply the same algorithm to the two children of the root,
and so on. Figure 2 gives this algorithm in the pseudo-
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Figure 3. Example application of Algorithm I. (a) The origin al VTE tree. (b)-(d) Different steps of
applying Algorithm I to the tree. The subtree or node in dashe d circle is the one being scaled
in the corresponding step.

code format. VoltageScaling() is the main function and
the other four routines are helper functions. Note that, in
VoltageScaling(), we try to scale the faster subtree first,
which is not in the critical path, as a whole (see the for-
loop). Then, we scale the two children recursively by in-
voking VoltageScaling() for each of them. It can be ob-
served from Algorithm I that each node is visited only
once, and the for-loop is the only loop in the function.
Assuming that there areL voltage levels available and
N nodes in the tree, the complexity of Algorithm I is
O(LN). Figure 3 illustrates how Algorithm I is applied
to the weighted tree shown in Figure 1. Figure 3(a) is the
original VTE tree, and the total energy consumption is
1000. Subtree G is scaled first since it is the faster child
of node A (Figure 3(b)). We find that0.8 is the lowest pos-
sible voltage level that we can assign to subtree G without
making it slower than subtree B (see Table 1). After that,
we scale subtree B, and node C is the faster child, which
is assigned voltage level0.6 (Figure 3(c)). Subtree D can-
not be scaled any further since both its children take the
same amount of time to finish. Next, we scale subtree G,
and node I is its faster child (Figure 3(d)). Voltage level
0.6 is the lowest possible voltage for node I without mak-
ing it slower than node H. Figure 3(d) depicts the final
VTE tree after applying Algorithm I, and the total energy
consumption when employing these voltage assignments
is 858.4, a14.2% reduction compared to the original en-
ergy consumption.

It should be noted that Algorithm I generates the op-
timum voltage/frequency scaling scheme in terms of en-
ergy savings only if we have continuous voltage levels.
However, in reality, we have only a limited set of voltage
levels that can be used. Under such discrete voltage lev-
els, Algorithm I is no longer the optimum choice. For ex-
ample, in Figure 3(d), we can scale node G down further
as shown in Figure 4(a), or scale node H as shown in Fig-
ure 4(b). We can observe here that, in some cases, even
though it is not possible to scale down a tree as a whole
further, it may be still possible to scale some individual
nodes without hurting the performance (i.e., without ex-
ceeding the allowable performance degradation). In Fig-

ure 5, we giveAlgorithm II, which exploits such opportu-
nities. To obtain voltage assignments for a tree rooted at
node A, we call VoltageScaling(A,0). Note that, in Algo-
rithm II, under a given allowable performance loss (which
can be0 meaning no performance loss), we first try to
scale the whole tree as much as possible (as in the case
of Algorithm I). When we reach the point where scaling
the whole tree further will exceed the allowable perfor-
mance loss, we begin to select some individual nodes in
the tree as candidates for further voltage/frequency scal-
ing. We have several choices in selecting such individ-
ual nodes. We can scale the root node first, then scale the
two children, or we can scale the children first, and then
scale the root node. We can even have an adaptive scheme
that would make its decisions based on the weight distri-
bution or other possible factors. In this work, we imple-
ment only the first two choices:root-first and children-
first. Figure 6(a) gives an algorithm, calledVS2, which is
the root-first version of Algorithm II. Figure 6(b) gives
an algorithm, calledVS3, which is the children-first ver-
sion of Algorithm II. The common code portion for both
these versions, which tries to scale the whole tree/subtree
together as much as possible, is given in Figure 5, and
hence is omitted from Figure 6. A major difference be-
tween these two algorithms is in the order of scaling the
root node (the for-loop) and scaling the children (two re-
cursive calls). In Figure 6(a), the for-loop comes before
the recursive calls, which means that we try to scale the
root node first to exploit the slack available after scal-
ing the whole tree. In comparison, in Figure 6(b), the
two recursive calls are invoked before the execution of
the for-loop, which means that we try to scale the chil-
dren first to exploit the slack available after scaling the
whole tree. In both VS2 and VS3, each node in the tree
is visited only once, and there are two loops whose iter-
ation counts are the number of available voltage levels.
Assuming that there areL voltage levels available andN
nodes in the tree, the complexities of both VS2 and VS3
areO(LN). Figure 7(top) gives an example application
of VS2 to the VTE tree shown in Figure 3(b). The sce-
narios shown in Figure 7(top – a) and Figure 7(top – b)
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Figure 4. Two examples showing that the
result achieved by Algorithm I in Figure 3(d)
is not optimum. The nodes in dashed cir-
cles have been scaled further.

VoltageScaling(node, slack){
maxTreeTime = node.treeTime + slack;
for (newLevel = node.level + 1; newLevel< MAXLEVEL; newLevel++)

if (TreeTimeAtLevel(node, newLevel)> maxTreeTime)
break;

newLevel = newLevel - 1;
AdjustTreeVoltage(node, newLevel);
slack = maxTreeTime - node.treeTime;
if (node.hasChildren){

choose some individual nodes from the tree for scaling.
}

}

Figure 5. Algorithm II. The parameter slack
is the allowable execution time increase
(for the whole subtree being considered)
after voltage/frequency scaling. The helper
functions, including TreeTimeAtLevel() and
AdjustTreeVoltage(), are defined in Fig-
ure 2.

are similar to those with Algorithm I, as shown in Fig-
ure 3(b) and Figure 3(c). After we scale the subtree G as
a whole, the execution time of subtree G (183.3) is still
smaller than the execution time of subtree B (200). In Al-
gorithm I, we are not able to exploit this slack because we
cannot scale subtree G as a whole further. But, using VS2,
we can exploit the slack of subtree G by scaling its root
node, G, to voltage level0.6. After that, we scale its chil-
dren, and find that node I can be scaled down further. It
can be observed that, in this example, VS2 performs bet-
ter than Algorithm I since it saves more energy in com-
puting node G. Figure 7 (bottom) gives an example ap-
plication of VS3 to the VTE tree shown in Figure 3(b).
The first two steps in Figure 7 (bottom) are the same as
those in Figure 7 (top). The difference between VS2 and
VS3 in this example is in the order of exploiting the slack
due to subtree G. In VS3 (Figure 7(bottom – c)), we ex-
ploit the slack by scaling the two children first. After scal-
ing the children, we cannot scale node G any further since
there is no enough slack left for node G.

VoltageScaling(node, slack){
. . . // The common code portion of Algorithm II
if (node.hasChildren){

AdjustTreeVoltage(node.left, node.level);
AdjustTreeVoltage(node.right, node.level);
for (newLevel = node.level + 1;

newLevel< MAXLEVEL; newLevel++)
if (NodeTimeAtLevel(node, newLevel)> node.nodeTime + slack)

break;
newLevel = newLevel - 1;
AdjustNodeVoltage(node, newLevel);
slack = maxTreeTime - node.treeTime;
if (node.left.treeTime< node.right.treeTime){

fastNode = node.left; slowNode = node.right;
} else{

fastNode = node.right; slowNode = node.left;
}
extraSlack = slowNode.treeTime - fastNode.treeTime;
VoltageScaling(slowNode, slack);
VoltageScaling(fastNode, slack+extraSlack);
if (slowNode.treeTime> fastNode.treeTime)

node.treeTime = node.nodeTime + slowNode.treeTime;
else

node.treeTime = node.nodeTime + fastNode.treeTime;
}

}

(a) VS2: Root-first version. Complexity:O(LN), L: the
number of voltage levels,N : the number of nodes in the tree.
VoltageScaling(node, slack){

. . . // The common code portion of Algorithm II
if (node.hasChildren){

AdjustTreeVoltage(node.left, node.level);
AdjustTreeVoltage(node.right, node.level);
if (node.left.treeTime< node.right.treeTime){

fastNode = node.left; slowNode = node.right;
} else{

fastNode = node.right; slowNode = node.left;
}
extraSlack = slowNode.treeTime - fastNode.treeTime;
VoltageScaling(slowNode, slack);
VoltageScaling(fastNode, slack+extraSlack);
if (slowNode.treeTime> fastNode.treeTime)node.treeTime = node.nodeTime + slowNode.treeTime;
else

node.treeTime = node.nodeTime + fastNode.treeTime;
slack = maxTreeTime - node.treeTime;
for (newLevel = node.level + 1;

newLevel< MAXLEVEL; newLevel++)
if (NodeTimeAtLevel(node, newLevel)> node.nodeTime + slack)

break;
newLevel = newLevel - 1;
AdjustNodeVoltage(node, newLevel);

}
}

(b) VS3: Children-first version. Complexity:O(LN), L: the
number of voltage levels,N : the number of nodes in the tree.

Figure 6. Two versions of voltage/frequency
scaling Algorithm II. The helper functions,
including AdjustTreeVoltage(), AdjustNode-
Voltage(), and NodeTimeAtLevel(), are de-
fined in Figure 2. The common code por-
tion for both versions is given in Figure 5.

In the VoltageScaling() functions of Algorithm II, the
parameterslack indicates the maximum execution time
increase (i.e., performance degradation/loss) allowed to
save energy. Consequently, Algorithm II can work under
a given performance degradation bound. Assuming that
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Figure 7. Example application of the children-first version of Algorithm II (VS2) and (VS3). Top:
VS2, Bottom: VS3. The original VTE tree is given in Figure 1(b ). (a)-(d): Different steps. The
subtree or node in dashed circle is the one being scaled in the corresponding step.

the original execution time of a tree R isT and the max-
imum percentage performance loss that can be tolerated
is P , we can invoke VoltageScaling(R,T ∗ P ) to obtain
voltage assignments under such a performance constraint.
Note that, when we use VoltageScaling() with parameter
0, this indicates that we are not tolerating any increase in
the original execution time. Algorithm I can also be im-
plemented in a slack-based fashion, and thus can also be
used in cases where performance constraints are speci-
fied. The slack-based version of Algorithm I is not pre-
sented here explicitly due to space concerns.

It is also to be mentioned that there is some cost
for a processor to transition between different volt-
age/frequency levels. However, this cost is usually very
small compared to the application execution time. In ad-
dition, the voltage/frequency transitions are not very
frequent, and occur only across the levels in the tree.

4. Related Work

Power optimization for high-performance systems is
an active research topic. Pinheiro et al [25] propose dy-
namic reconfiguration techniques for cluster-based
servers, in which cluster nodes are turned on or off to ad-
just to the dynamic changes in system load. Elnozahy et
al [8] use dynamic voltage scaling and request batching
to reduce the energy consumption of web servers. Flaut-
ner et al [9] propose a voltage scaling policy that sets
CPU speed on a per-task basis. These techniques are pro-
posed for various kinds of server loads, and are not suit-
able for parallel sparse computations. Our work, on the
other hand, is the first to address the energy optimiza-

tion problem for tree-based sparse computation models.
The energy consumption of disk arrays in servers have re-
ceived a lot of attention. Gurumurthi et al [13] show that
multi-speed disks can provide significant energy sav-
ings. Heath [16] et al use compiler-based application
transformations to increase device idle times and evalu-
ate the potential energy and performance benefits brought
by such transformations. Carrera et al [3] study sev-
eral power optimization approaches under a two-speed
disk environment using real software and hardware. Pin-
heiro and Bianchini [24] present a technique that
dynamically migrates popular disk data to a small num-
ber of disks to increase the opportunity of putting other
disks into low-power modes. Research in these ar-
eas are orthogonal to our work, and how to incorporate
them into our framework is in our future agenda.

5. Concluding Remarks

While sparse computations have received a lot of at-
tention from the performance angle, their energy con-
sumption trends have not been the focus of the past re-
search. This is unfortunate since (1) a large fraction of
scientific codes are built from inherently sparse computa-
tions, and (2) power consumption of large-scale applica-
tions executing on parallel multiprocessors and networks
of workstations is becoming increasingly critical as these
servers employ fast processors. Motivated by these ob-
servations, in this paper, we proposed and evaluated two
algorithms that reduce power consumption of tree-based
parallel sparse computations through voltage/frequency
scaling.
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