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ABSTRACT

This paper presents an algorithm, and a design tool that
incorporates the algorithm, to address the following mem-
ory design question: given a collection of memories with
power-consumption and size data, and an application with
particular execution behavior, which memory devices should
be selected for the memory bank and how should the ap-
plication’s data be allocated so that overall memory power
consumption is minimized? Experimental results with some
benchmark applications indicate the algorithm often results
in 30-50% power reduction and near-optimal performance in
comparison with exhaustive search.

1. INTRODUCTION

In designing the memory sub-system of an embedded system
to use power efficiently, a common precept is to use a bank of
smaller, individually controllable memory devices (or cores,
in the case of an IP selection process [8, 9, 35]) so that
devices are powered only during use and are only as large
as required to store the data allocated to them. However,
the power thus saved will depend on how the application’s
data has been allocated to the different devices, on how the
overall memory address space has been partitioned amongst
the devices, and which particular device is used for each
partition.

The purpose of this paper is to address the design choices in
the space of memory partitioning: the allocation of data, the
partitioning of memory and the choice of particular memory
chips for the partitions. The contributions of the paper are:

o Formulation of optimization problem. We formulate
a non-linear integer-programming optimization prob-
lem that relates the overall energy consumed with the
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following input: the execution profile of the applica-
tion, the code structure and a database of memory
chips each with their size and power characteristics.
The particular form of the objective (cost) function
itself can be modified as desired; for our experimenta-
tion we use a particular objective function that incor-
porates memory power consumption during operation
(in active, sleep or wake-up modes), the added cost of
excessive partitioning and the wake-up time required.

Optimization algorithm. We present a fast optimiza-
tion heuristic that exploits aspects of the problem struc-
ture. Our experimentation with benchmarks used in
[12] shows that it produces results within 10-15% of the
optimal value found by (exponential-time) exhaustive
search, with up to 30-50% power savings over the case
that no memory partitioning is used.

Back-end compiler tool. We have integrated our al-
gorithm into a back-end compiler tool written for the
ARM family of processors. The tool includes an ARM
simulator that creates the execution profile of an appli-
cation and that uses the database of memory chip char-
acteristics to provide a cycle-accurate measurement of
power consumption. The tool takes ARM assembly
language as input and is thus complementary to sev-
eral higher-level compiler optimizations such as, for
example, splitting arrays [12]. In these cases, our tool
would simply use the results of front-end optimization
as manifested in the resulting assembly code. Further-
more, by working directly with assembly, the tool can
accommodate low-level programmer optimizations at
the assembly level.

Our approach lies in the area of software-hardware co-design:
both the data allocation and the memory partitioning are
performed jointly by our tool. The key hardware/software
characteristics that appear to play an important role include
the application’s variables (their number and size), the ac-
cess patterns to the data (spatial and temporal locality) and
the memory characteristics (size, time to switch from sleep
mode to active mode). There is often a somewhat complex
interplay between these factors. For example, two large vari-
ables might be stored in two separate memories; however, if
they are repeatedly accessed in sequence it might be more ef-
fective to employ a single large memory. At the same time, if
the time between accessing the variables is sufficiently long,
the two-memory solution might be better.



The remainder of the paper is organized as follows. Re-
lated work is reviewed next in Section 2. The problem is
described and mathematically formulated in Section 3, fol-
lowing which our algorithm is described in Section 4. We
present experimental results in Section 5 before concluding
in Section 6.

2. RELATED WORK

Extensive surveys of past research on power minimization
can be found in [20, 27, 17]. Recent research on software
strategies to save power include operating system level strate-
gies [22, 31, 34] and compiler techniques [15, 7, 10, 16, 18,
3, 30].

A review of power-related memory issues can be found in
[19]. Note that several papers have studied the problem
of data partitioning from the perspective of latency [25, 2].
The idea of exploiting memory sleep modes appears to have
been first presented in [13]. They suggested partitioning of
the memory into two segments that could dynamically be
put into “sleep” mode to save energy and suggested heuris-
tics to solve the optimization problem, which was shown to
be NP-complete. Shiue and Chakrabarti [29] and Catthoor
et al [6] focused on cache design and custom memory hier-
archy respectively to minimize power conumsption. Delaluz
et al [12] also consider the memory partitioning problem for
low power. Their approach is to study high-level program
information such as the number of loop iterations to allocate
array variables to different partitions. They do not consider
the problem of designing memory sizes in accordance with
program structure.

Although we also develop graphs which is similar to the
interference graph used for register allocation [24], the con-
struction of the graph varies remarkably. The work that
comes closest to ours is described in a seminal paper by
Benini et al [5] using the memory modeling technique in [11].
In their approach, using the default data allocation given
by the compiler, they focus on determining partitions of the
address space to minimize a power-related objective func-
tion. They adopt a recursive approach that may result in
non-standard memory sizes (arbitrary integers, rather than
powers-of-2). This approach is sometimes feasible when
the memory core is being designed from scratch. In con-
trast, we use a database of of the shelf memory devices with
their unique size and power characteristics and, most impor-
tantly, we allow the application’s data to be re-allocated (re-
ordered) for greater efficiency in co-locating variables that
tend to be used together.

3. PROBLEM DESCRIPTION
3.1 Systemarchitecture

We begin with a description of a sample system architec-
ture. As mentioned earlier, our approach and algorithm can
be applied to a variety of architectures. For concreteness,
we use the particular architecture shown in Figure 1. The
memory sub-system consists of a partitionable scratchpad
and a partitionable off-chip memory. Typically, data is first
allocated to either the scratchpad and main memory; the
most frequently accessed items are placed in the scratch-
pad. Although both types of memory may be partitioned,
we only consider partitioning the scratchpad SRAM in our
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Figure 1: The architecture

experiments. Also, we assume that the code itself (instruc-
tions) and associated stack are placed in a separate partition
that we do not consider for allocation.

3.2 Memory devices

Memory devices differ in power consumed during active,
sleep and wake-up modes, and in the time spent during
wake-up. Generally, a larger memory uses more power and
therefore once data is clustered into different partitions, it
is most often optimal to use the smallest memory that fits
a given partition. Thus our algorithms are governed by this
assumption that energy per access, energy consumed in dif-
ferent modes by a device monotonically increases with size.
While this suggests using as fine a partition as the data al-
lows, there is an energy cost to excessive partitioning that
arises from the additional controls required to separately
control the device assigned to each partition. We allow the
number of partitions to be limited in our approach. This
limit can also arise from board-level and other architectural
considerations.

3.3 Notation and problem formulation

To better explain the problem, it will help to first describe
the design optimization process. Figure 3 depicts compo-

nents in our design optimization tool. In essence, the instruction-

level simulator first creates a behavior profile from a sample
execution of the application. This profile together with the
assembly code for the application, and the memory device
database, is input to the optimizing algorithm. The algo-
rithm first clusters variables and then assigns the best pos-
sible memory device to each cluster. The result is then fed
back into the simulator that can evaluate the allocation and



memory organization. The simulator can output both an
energy and execution profile for the result.

The following notation will be useful in the problem formu-
lation and discussion.

e Let V = {vi,v2,...,v4} be the collection of static
global variables in the application (We do not con-
sider dynamic memory). The size of each variable v;
is denoted by |v;].

e If we opt to use m memories (potentially of differ-
ent sizes) then the address space is partitioned among
these m memories. A data allocation of these vari-
ables to m different memories (or partitions) can be
described as follows:

1,
Tij = 0,

Note that the value of m will be an output of the
optimization process.

if v; is assigned to partition j
otherwise.

e Let P; = {i : £;; = 1} denote the group of variables
assigned to partition j. Define the size of each group
of variables as |P;| = Y, @ij|vi|.

e Let M = {Mj,..., My} denote the database of mem-
ory devices. |Mj| denotes the size of memory device
M;.

e Define the function 3(j) that assigns a memory device
to a partition: B(j) = minja, {My @ [My| > |P|}
Thus, B(j) is the smallest memory that fits the group
of variables in partition j. We will assume that the
database produces a unique memory for this size. If
that is not the case, equivalent memory devices (for
this size) can be prioritized by cost or vendor prefer-
ence, and the optimization process can be repeated for
different such selections.

e We next define the characteristics of each memory de-
vice. Each memory device is assumed to consume dif-
ferent levels of energy during active, sleep or wake-up
modes. Furthermore, we allow that reads and writes
consume different levels of energy per unit time.
L(M;) — the latency of device j.

E4(M;) — the energy device j consumes in an active
state.

Ey(M;) - the energy device j consumes in wake-up
mode.

E;(M;) — the energy device j consumes in the idle
(sleep) mode.

Er(M;) — the energy consumed by a read operation
on device j.

Ew (Mj) — the energy consumed by a write operation
on device j.

W (M;) — the wake-up time required for device j.
The last value indicates the lead time required to tran-
sition from the sleep mode to active mode. During this
time, the energy consumed is Ey(M;) per unit time.

Up to this point, we have defined device characteristics and
introduced notation to describe a partition. However, the
exact energy consumed depends on the particular execution
behavior. Accordingly, the next few definitions introduce
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the notion of time, discretized into small time-steps (a cycle
is one unit of time). Define the indicator function

wo={ g

Likewise let z;(t) = 1 if and only if a write to v; occurs at
time t. Once a partition (grouping of variables) is created,
this results in an access pattern to the memory devices. De-
fine U;(t) = 1 if and only if Jv; : y;(t) = 1 and z;; = 1.
Thus, U;(t) = 1 when there is an access to partition j at
time ¢ and Uj;(t) = 0 otherwise.

if a read on v; occurs at time ¢
otherwise.

The access patterns to the devices then induce a pattern of
energy usage for each device. Unfortunately, this pattern is
somewhat complex to describe for the following reason. A
device must be active at the time of access and therefore,
if it was asleep a wake-up instruction must be executed in
sufficient time for the access. Furthermore, if two succes-
sive accesses for memory device j occur in a timespan less
than W (Mj;) then the memory must remain active during
this timespan. This is because the control state of a mem-
ory device is unique at any given time, and cannot store a
sequence of commands related to state transitions. Thus,
to compute the times at which a device is active, sleeping
or in wake-up mode will require careful consideration of the
access pattern. For completeness, we describe this next.

Define the following indicator functions that will identify
the state of a device j at time ¢ € [1, 7] where T is the total
cycle length of the execution: v;(t) = 1 when 3(j) is active;
d;(t) = 1 when B(j) is in wake-up mode; €;(t) = 1 when 3(j)
is in sleep mode. We next show how these can be computed
given the execution behavior:

1. Set y;(t) = 1 when U;(t) = 1.

2. Set v;j(t +t') = 1 when U;(t) = 1, for all t' € [t,t +
L(B(4))]- Thus, the memory remains active during the
latency period.

3. Set §;(t') =1 for all t' € [t — L, t] where L = W(8(j))
and v;(t) = 1. Here, we identify the wake-up mode
time prior to each access. Note that this is not yet
complete since we have to account for short access in-
tervals.

4. Set v;(t') = 1 for all t' € [t1,t2] where to2 — t1 <
W(B(3)) and v;(¢t1) = 7;(t2) = 1. Thus, for all short
access times when a device cannot be powered down,
we must leave it active. Since we earlier set J;(¢) =1
for some of these periods, we must now set d;(t) = 0
whenever «;(t) = 1.

5. Set ¢;(t) = 1 for all ¢ such that v;(t) = J;(¢t) = 0.

The definitions above completely capture the energy profile
of the application. What remains is to define the total en-
ergy consumed during this entire time. For this purpose, we
will define two additional variables for the read and writes to
a partition: Y;(¢) = >, yi(t)zs; (the total number of reads
to device j) and Z;(t) = >, zi(t)xi; (the total number of
writes to device j). Then, the overall energy consumed is



given by:
ZZ(% ) Ea(B())
+6;(1)Eu (B(7)) + €; (1) E1(8(4)))

+> (ErBG)Yi(t) + EwB(j) Zi(t))

i=1

The first three terms are the active, wake-up, idle mode en-

ergy consumptions whereas the last is the (separately counted)

energy for reads and writes.

Lastly, we observe that excessive partitioning brings increased
overhead in decoding and addressing complexity. This cost
generally increases monotonically with the number of parti-
tions. Although not shown above, this cost is easily added
to the cost function.

We are now in a position to state the problem: Given (1) an
application in assembly, (2) a memory device database, (3)
the desired scratchpad size, and (4) the mazimum number
of partitions, find a partition and allocation of variables to
minimize the total energy consumed.

At first, the use of 0-1 variables suggests an integer pro-
gramming formulation. Unfortunately, the computation of
the overlapped active intervals results in a complicated non-
linear cost function (that must be evaluated programmat-
ically); current integer-programming packages are not ade-
quate to this task. However, we are able to generate all pos-
sible partitions exhaustively to compute the optimal solution
for use in comparison with our direct heuristic algorithm.
The timing complexity of the direct heursitic algorithm is
O(n) when compared to the exponential O(2") complexity
of the exhaustive search.

The power model that we use for the algorithms is thus im-
plicit in the cost functions which is based on components like
energy per read/write access, energy per cycle in each of the
different modes of the device. These numbers are extracted
from the device database. Note our solution approach does
not depend on the precise form of the cost function above.
Both constants and the functional form can be varied if de-
sired.

4. A GRAPH-BASED HEURISTIC

4.1 Solution overview

The solution process is organized into four distinct phases:
(1) the application is run on the simulator to obtain an ex-
ecution profile that is analysed together with the code to
produce variable usage and lifetime information; (2) vari-
ables are then selected for the scratchpad according to the
well-known greedy knapsack algorithm [23]; (3) the memory
to be partitioned is then partitioned by the algorithm; (4)
the resulting memory organization is then fed back to the
simulator to evaluate the partition.

Note that the number of groups of variables is not a fixed
number. For example, consider three variables A, B, C. There
are five partitions: a partition of size one (ABC), three par-
titions of size two (A|BC, B|AC and C|AB) and a partition
of size three (A|B|C). The number of candidate partitions

03 -4

possible grows very quickly with the number of items [28].
Therefore, instead of searching the space of partitions ex-
haustively, we must create partitions through a faster heuris-
tic. This heuristic uses information from the program exe-
cution and the structure of the code to preferentially group
variables. We transform part of this problem into an in-
stance of the well-known graph partitioning problem that
captures the relationship between variables.

The traditional definition of variable lifetime as used in com-
piler optimization is a collection of definition-use intervals
that start with a variable’s first definition and its last use.
This definition, as mentioned earlier, is usually independent
of the particular hardware upon which the code executes, es-
pecially if the optimizations are performed on intermediate
code.

We now introduce a different definition of lifetime that ex-
plicitly uses the wake-up time of a memory device. The
purpose is to allow the device characteristics to influence the
choice of variables that are to be allocated the same device.
Consider a particular memory device. If variable v; is being
considered for allocation to that device, we transitively co-
alesce every pair of intervals where their separation is less
than the wake-up time of the device. Thus, our definition
transforms the lifetime set with this filter. The intuition is
that if the wake-up time is short, then energy can be saved
if the device is placed in sleep mode between definition and
use.

The following points summarize our approach towards deter-
mining whether two variables are good candidates for being
placed in the same memory device:

e First, a variable’s lifetime data is extracted and the
intervals coalesced according to the device’s wake-up
time.

e For every two variables, a co-allocation index is com-
puted in the following manner. For every pair of lifetime-
intervals, one from the first variable and one from the
second, if the intervals overlap, the co-allocation index
is increased by the length of the intervals’ union; if the
intervals do not overlap but are separated by a time
less than the device’s wake-up time, then the length
of the union of the intervals and the period between
is added to the co-allocation index; otherwise, the co-
allocation index is taken to be infinity. Intuitively, if
the intervals are distinct but close, the memory device
should not be powered down if the spacing between
the intervals is less than the wake-up time.

Thus, over all the intervals, the co-allocation index is
an inverse indication of the desirability of co-locating
two variables. If the overlap is perfect, the index is
minimal; otherwise it is high.

e Whenever a particular device is being considered for
two variables, the co-allocation index is computed for
that device.

e If a decision is made to co-locate two variables, the two
variables are temporarily combined into a “compound
variable” for the purpose of optimization. The lifetime



of this compound variable is computed based on the
individual lifetimes of the two variables and coalesced
according to the device lifetime. Compound variables
may then be combined with others, leading to a data
allocation when the combining process stops. It is the
decision-making in combining that forms the key to
the algorithm; we use a graph-theoretic approach for
this part of the problem.

4.2 Algorithm

We construct a graph by representing each variable with a
graph vertex. the weight of an edge between two nodes is
given by the co-allocation indez, as described earlier.

Intuitively, pairs of nodes whose joining edges have a low
edge-weight are good candidates for clustering; that is, the
corresponding variables should be placed in the same parti-
tion. The partitioning process (O(n) algorithm) is an itera-
tive node clustering process that is carried on until either no
further clustering is possible, no gain is achieved from ad-
ditional clustering, or the number of allowable partitions is
exhausted. After each step of clustering the lifetime is con-
structed for each resulting compound variable. This process
is illustrated in Figure 2 and the pseudocode given below.

FIND-MEMORY-CONFIGURATION ()
1. Saved power = 0
2. Increment =1
3. Initialize configuration with each

node in a separate bank
for each node in G

Extract clustered access times using threshold
endfor
Estimate power consumed by initial configuration
while numEdges # 0
. Select edge with minimum weight
0. Cluster the endpoints as a compound node
1. Select best fit memory device for

this compound node

12. Recalculate lifetime for new node
13. Evaluate new energy consumption
14. Compute increment over previous energy
15. if increment < 0
16. break
17. endwhile
18. return configuration.

mRoRNS oA

The output at the end of clustering is an allocation of data
variables to partitions: each cluster represents a partition.
Following this step, memory devices are selected as described
earlier. The result is a combination of data allocation and
memory device selection. This result is then evaluated in
the simulator for performance.

5. EXPERIMENT AL SETUPAND RESULTS

We present our experimental results and analyze them in
this section. To evaluate the effectiveness of our heuristics
and the rest of the framework we use seven array-dominated
benchmarks used by Delaluz et al [12]. To illustrate the
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strength of our results we use these benchmarks without
any locality enhancing transformation on them.

We used the gce compiler to generate the assembly code for
the instruction level simulator. The load/store trace of the
application generated by the simulator is used by the algo-
rithms. The instruction level simulator that we built also
has facilities for fine grained configuration of the memory
subsystem. This is useful for the validation of the results
from the algorithm. The power model used by the simula-
tor to validate is an instruction level power analysis using
the cost functions described earlier. As mentioned earlier,
our architecture consists of scratchpad and main memory.
For ease of experimentation, we use a large scratchpad and
consider the problem of applying our technique to parti-
tioning the scratchpad. As discussed in an earlier section,
our techniques are applicable to both scratchpad and main
memory; for illustration, we choose to use scratchpad par-
titioning. The size of our scratch pad is taken to be 1 MB.
The device database used is made up of devices from two
different vendors. The device sets vary in the energy con-
sumption figures and wake up times. To represent the two
extreme cases device setl has lower energy consumption fig-
ures but higher wake up times. Device set2 represents the
other extreme. It has to be noted that the search results
would improve if the database were richer.

We identify an energy cost to excessive partitioning. This
cost is attributed to the extra control circuitry and address
lines required for each device. We structure this cost to
reflect both these attributes. Consider the case when we
have m devices (an m-way partition). In this case, about
log,(m) device selection lines are required, and each device
needs selection circuitry. Thus, one part of the cost depends
on the number of lines and the other is approximately linear
in m. Let Ep(m) be the energy cost representing an m-
way partition. Then, Ep(m) can be written recursively as
follows:

EP(2|_log(m71)J) +ei(m— gllog(m—1)| _ 1) +co
a1 (m _ 2[105(7“—1)] _ 1) + ey

EP (m)
Ep(2)

where c; is the added cost for each device and c3 is the added
cost for each new address line. The boundary condition is:
Ep(1) is taken to be the constant c2. Figure 4 shows a plot
of the addressing cost versus the number of partitions taking
c2 as .2 and cl as .1.

The input to our experiments is assembly for the ARM 7
processor as generated by the gcc compiler.

Table 1 shows the savings comparison between exhaustive
and greedy heuristics for two different device sets.The en-
ergy savings are with respect to a single monolithic memory
with no power management. The greedy heuristics results
for both the device sets is always only marginally less than
the results of the exhaustive search. An interesting point
to note is that any one device set does not give the best
results for all the benchmarks. The partitionings are also
different for the device sets for a few benchmarks. This il-
lustrates the need for the choice of device set which is most
suited to the application. The benchmarks phods, matvec,



int A[100],B[100]

for(inti =0 ;i < limit ; i++)

{

Access A,B

Clusterin
10
f{or(int i=0;i<limit/2;i++)

Access A,C

for(inti=0;i<limit;i++)
Access C,D
}

(a) Sample code

6‘

Clustering 2

(b) Clustering process

Clustering 1

Aand B

(c) Possible clustering outcome

Figure 2: The algorithm

eflux and tomcatv give as much as 47% savings whereas the
benchmarks apsi and mxm show no power savings. The lat-
ter could be attributed to the the way these benchmarks
exhibit locality. Benchmarks like phods which are made
up of loops accessing a few variables present a collection
of clearly distinguishable lifetimes. This allows for efficient
partitioning. The benchmarks apsi and mxm use multiple
variables in the same loop. Consequently the lifetime inter-
val due to the loop cannot be split further so as to favor
any two variables. As partitioning directly depends on us-
ing these lifetime intervals to enhance spatial locality, the
opportunity to partition is severely restricted. As the initial
configuration is one with the maximum partitions, a nega-
tive cost results due to the unnecessary partitioning without
any useful clustering of variables. We conjecture that using
locality enhancing transformations such as array renaming,
interleaving as proposed by Delaluz et al [12] can improve
the energy consumption of these benchmarks.

6. CONCLUSIONS

This paper proposed a compiler-based technique for synthe-
sizing the organization of an application-specific partition-
ing of memory. The partitioning is based on the intuition
of clustering data that exhibit temporal nearness in access
patterns. The strengths of the approach are summarized
as follows: (1) we use a given database of memory devices;
(2) since our input is assembly, our approach is complemen-
tary to several high-level compiler-based optimizations and
it also allows programmer input in assembly; (3) we account

for the cost of excessive partitioning; (4) we combine data
allocation and partitioning; (5) our program analysis takes
memory characteristics into account. Our results show that
our algorithm runs quickly and produces results with 10-15%
of the optimal solution found by exhaustive search.
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