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Abstract— Embedded systems normally have a tight energy
budget. Since the on-chip cache typically consumes 25%–50%
of the processor’s area and energy consumption, scratch pad
memory (SPM), which is a software-controlled on-chip memory,
has been widely adopted in many embedded systems due to its
smaller area and lower power consumption. However, as the
speed of the CMOS transistors increases along with density,
leakage power consumption is becoming a critical issue for
memory components with a large number of transistors. In this
paper, we propose a novel hybrid SPM which consists of static
random-access memory (SRAM) and nonvolatile memory (NVM)
to take advantage of the ultralow leakage power and high density
of latter. A novel dynamic data management algorithm is also
proposed to make use of the full potential of NVM. According to
the experimental results, with the help of the proposed algorithm,
the novel hybrid SPM architecture can reduce the memory access
time by 18.17%, the dynamic energy by 24.29%, and the leakage
power by 37.34% compared with a baseline pure SRAM SPM
with the same area.
Index Terms— Cache, energy, magnetic random access
memory (MRAM), nonvolatile memory (NVM), on-chip
memory, phase change memory, scratch pad memory (SPM).

I. I NTRODUCTION

H

ARDWARE-CONTROLLED on-chip caches are
equipped in most modern general-purpose computer
systems. Caches can capture program behavior and
dynamically adjust content to provide efficient data accesses
for CPU. On-chip cache typically consumes 25%–50% of the
processor’s area and energy [1]. This is not a large concern for
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general-purpose systems; however, most embedded systems
are tightly constrained by area and energy. Thus, instead
of hardware-controlled cache, scratch pad memory (SPM),
which is a software-controlled on-chip memory, has been
widely adopted in many embedded systems as on-chip
memory. ARM10E, Analog Devices ADSPTS201S, Motorola
M-core MMC221, Renesas SH-X3, and TI’s TMX320C6xxx
are examples of such embedded processors.
SPM already has a large advantage when compared with
cache in terms of area and power consumption. However,
as the speed of the CMOS transistor keeps increasing along
with density, leakage power consumption is becoming a
critical issue for memory components with a large number of
transistors. As shown in [2], on average, 33.7% of the total
memory energy consumed by SPM is the leakage power.
In [2], a compiler-guided leakage optimization for banked
SPM is proposed. Instead of targeting general applications,
they only focus on array-intensive regular loop nests. Even
though they can reduce the leakage power to some extent,
the leakage power consumption is still large due to the
ever-growing number of CMOS transistors in pure static
random-access memory (SRAM) SPMs.
The recent emergence of various nonvolatile memories
(NVMs), such as magnetic RAM (MRAM) [3], phase
change memory (PCM) [4]–[6], and embedded dynamic RAM
(eDRAM) [7], gives us a new way of addressing the memory
power consumption problem. NVMs have many attractive
characteristics such as low leakage power, high density, nonvolatility, and high immunity to soft errors. Several previous
works [5], [6], [8]–[13] confirm that NVM main memory
can achieve significant energy savings with comparable performance to that of a DRAM main memory. Besides using
NVMs as main memory, research using NVMs to build cache
hierarchies [14]–[18] also show that NVMs have advantages
over SRAM when configured and used properly. However,
to the best of our knowledge, there is no existing research
about SPMs using NVMs. In this paper, we explore a novel
hybrid SPM architecture consisting of SRAM and NVM. With
this hybrid SPM architecture, we can achieve many benefits,
such as high density, nonvolatility, and ultralow leakage power,
promised by NVMs.
Even though NVMs have many advantages as described
above, there are two challenges that need to be addressed
before we can practically adopt NVMs as on-chip memory.
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First, a write to NVM incurs more energy and latency compared with a read. Second, the endurance of NVM is limited
compared to that of SRAM. Both challenges can be addressed
by reducing the write activities on the NVMs. In order to
overcome such disadvantages of NVMs, a smart management
policy that aims to reduce the write activities on NVMs is
essential. The data allocation problem in hybrid SPM differs
from the existing data allocation problem for nonuniform
memory access architectures in that reads and writes to one
of the memory components are asymmetric, and it is desirable
to avoid writes to that component.
There are many static and dynamic data management
algorithms for SPM [19]–[21]. However, none of the previous
data management algorithms differentiates between reads and
writes, nor considers reducing the write activities on NVMs
because they are targeting SPMs consisting of pure SRAM.
In this paper, the target platform is application-specific
single-core embedded systems, on which programs can be
comprehensively analyzed. We first propose a novel hybrid
SPM which consists of SRAM and NVM to take advantage
of the ultralow leakage power and high density of NVMs.
Then, we propose the novel hybrid SPM data management
algorithms, which will move the most written data into SRAM
and the most read data into NVM, to make use of the full
potential of the NVM. By taking advantage of the benefits
of both NVMs and SRAM, this paper aims to provide a
low-power, yet long-lasting, on-chip memory solution.
We evaluate the proposed architecture and data allocation
techniques. According to the experimental results, with the
help of proposed algorithm the novel hybrid SPM architecture
can reduce the memory access time by 18.17%, the dynamic
energy by 24.29%, and the leakage power by 37.34%
compared with a baseline pure SRAM SPM with the same
size area.
The major contributions of this paper include the following.
1) To our knowledge, this is the first paper to explore hybrid
nonvolatile SPM architectures.
2) We propose a novel dynamic data management algorithm for the novel SPM architecture which can reduce
the memory access time and dynamic access energy
while extending the NVM’s lifetime.
3) We propose an algorithm to select the best optimal data
allocation from a global point of view.
4) We develop a hybrid SPM simulator to evaluate our
architecture and algorithm.
The rest of this paper is organized as follows. Background
and related works are discussed in Section II. Section III
presents the hardware and computation model used in this
paper. A motivational example is presented in Section IV to
illustrate the basic ideas of this paper. The main algorithms
are explained in detail in Sections V and VI. Experiments
are presented in Section VII. Finally, Section VIII concludes
this paper.
II. BACKGROUND AND R ELATED W ORKS
In this section, we introduce the background of data management for SPMs and related works. Unlike cache, in which
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1
main(){
proc_X()
proc_Y()
while(...){...}/*loop 1*/
}

Fig. 1.

main()

1.1
proc_X()

1.2
proc_Y()

1.3
loop 1

Example of a program outline and its regions.

the data replacement is purely managed by hardware, data
replacement is managed by software in SPM architectures.
Either compilers or programmers need to decide how to
manage the data. Many researchers have proposed SPM data
allocation and management techniques to minimize the application execution time.
In order to achieve efficiency and take advantage of
temporal locality, dynamic data allocation algorithms have
been proposed. In these approaches, basically, the program
is divided into regions that are delineated by program points:
1) the start of each procedure and 2) the start of every loop.
Before starting the execution of each region, data management
code is executed to generate a data allocation that is suitable
for this region. Data movement instructions are inserted into
the program either by the programmer or the compiler. During
the execution of each region, the data allocation remains the
same. Udayakumaran et al. [19], [22] have proposed methods
for allocating global and stack data. Dominguez et al. [23]
have proposed methods for allocating heap data. Fig. 1 shows
an example of such methods. The left part shows a program
outline, and the right part shows the corresponding regions.
In this example, the program consists of three regions,
including two procedures, namely proc_X(), proc_Y(), and
one while loop. The regions are marked with timestamps
as described in their works. The regions will execute in
an ascending order of timestamps. Since it is possible that
multiple paths lead to the same program point, a program point
can have multiple timestamps. In such cases, each timestamp
will have a corresponding data allocation. This approach does
not have as high an overhead as the first type of methods
and also can achieve better locality than the second type of
methods. Therefore, this is the approach that we also take in
this paper for the novel hybrid SPM architectures. All existing
regional data allocation schemes are for pure SRAM SPM
and are not suitable for hybrid SPM architectures. In this
paper, we propose an optimal data allocation algorithm for
each predetermined region for hybrid SPM.
The recent emergence of various NVMs, such as
MRAM [3], [24], [25], and PCM [4], [26] has attracted a lot of
researchers’ interest thanks to their appealing characteristics,
such as their low cost, resistance to shock, nonvolatility,
high density, and power economy (almost no leakage power).
Several previous works [5], [6], [12], [13], [27]–[34] have
confirmed that an NVM main memory can achieve significant
energy saving with comparable performance to that of a
DRAM main memory. Besides using NVMs in main memory,
NVMs have also been proposed to be used as caches.
Mangalagiri et al. [15] proposed a low-power PCM-based
hybrid cache architecture. Dong et al. [16] conducted circuit
and microarchitecture evaluation of 3-D stacking MRAM as a
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TABLE I
N OTATIONS U SED IN T HIS PAPER

3D Layer 1
Core

Core

SRAM
3D Layer 2

SRAM

NVM

NVM

Main Memory

Fig. 2.

SPM architecture.

universal memory replacement, in which they use MRAM as
on-chip cache. Wu et al. proposed hybrid cache architectures
with NVMs in [17]. Joo et al. [18] proposed energy- and
endurance-aware design of PCM cache. All these works
integrate NVMs into cache hierarchies. The above works
naturally imply that it is technically feasible to integrate
NVMs with SRAM into on-chip memory. They also propose
cache replacement algorithms to reduce the write activities on
NVMs to reduce the energy consumption and prolong NVMs’
endurance. However, those algorithms are either unsuitable
for SPM management or cannot achieve the best results
for SPMs.
III. H YBRID SPM W ITH SRAM AND NVM
In this section, the hardware model used in this paper is
described. In our architecture, we are use a hybrid of SRAM
and NVM as SPM. SRAM and NVM share the same address
space with the main memory. The CPU can load data from
both of them directly, and data can be moved between them
using special instructions supported by the CPU.
Hybrid SPM can be fabricated with either 2-D or 3-D
chips. However, 3-D integration is a feasible and promising
approach to fabricate the hybrid SPM. In 3-D chips, multiple
active device layers are stacked together with short and fast
vertical interconnects. Among the several benefits offered by
3-D integrations, the mixed-technology stacking is especially
attractive for stacking NVM on top of CMOS logics, providing
a means to mount NVM layers on top of logic layers, so that
designers can take full advantage of the attractive benefits that
NVM provides.
The proposed architecture is shown in Fig. 2. As shown, the
on-chip memory consists of SRAM and NVM. For fabrication,
SRAM can be fitted into to the same layer as the core and
NVM can be fitted into a separate layer.
IV. M OTIVATIONAL E XAMPLE
In this section, we use an example to illustrate the main
idea of the data allocation techniques proposed in this paper.
In the example, we show that with proper data allocation,
we can take advantage of the benefits of NVM, at the same
time avoiding the disadvantages of NVM in the hybrid SPM
architecture.
There are two steps in the proposed techniques. In the first
step, the minimal memory access cost in a particular region
and the corresponding optimal data allocations are determined.

Notation

Description

RS
RN
RM
WS
WN
WM
S→N
N →S
S→M
M→S
N →M
M→N

Cost
Cost
Cost
Cost
Cost
Cost
Cost
Cost
Cost
Cost
Cost
Cost

of
of
of
of
of
of
of
of
of
of
of
of

reading from SRAM
reading from NVM
reading from main memory
writing to SRAM
writing to NVM
writing to main memory
moving data from SRAM to NVM
moving data from NVM to SRAM
moving data from SRAM to main memory
moving data from main memory to SRAM
moving data from NVM to main memory
moving data from main memory to NVM

There might be several data allocations that can achieve
the minimal memory access cost. Since the data allocation
determined for the current region is the initial data allocation
for the next region, it affects the memory access cost of the
next region. In the second step, one of the several optimal data
allocations is chosen so that the next region can achieve the
best result.
In this paper, the region partitioning method in [19] is used
to determine the regions. Basically, the program is divided
into regions that are delineated by program points: 1) the
start of each procedure and 2) the start of every loop. Before
starting the execution of each region, data management code
is executed to generate a data allocation which is suitable for
this region. The proposed algorithm in this paper can generate
optimal data allocations for each region determined by the
partitioning method.
Before showing the motivational example, we list the
notations used in this paper in Table I. Here, the cost can
be either the energy cost or the access time cost, depending
on the optimization goal.
Let us use the example described in Fig. 1 as the motivational example. Here we have three regions: proc_X(),
proc_Y(), and a while loop. We will only focus on the regions
proc_X() and proc_Y() in this example. proc_X() executes
prior to proc_Y(). Assume that in region proc_X() six data
are accessed: A, B, C, D, E, and F. For simplicity, all data
have the same size in this example. The number of reads and
writes is shown in Table II. Also we assume that in region
proc_Y(), data A, B, and C are accessed 10 times, as shown
in the Table II. Initially, we assume that only F is in the
SRAM and all other data is in the main memory. We assume
the capacity of the SRAM is 3 and the capacity of the NVM
is 2. Accesses to different parts of the memories have different
costs. The costs used in this example are shown in Table III.
We define three costs for each data. The first cost S(Di ) is
the total cost for this data if Di is in SRAM in a particular
region. The second cost N(Di ) is the total cost for this data
if Di is in NVM. And the third cost M(Di ) is the total cost
for this data if the Di is in main memory. Let Reads(Di ) be
the number of reads for data Di in a region. Let Writes (Di )
be the number of writes for data Di in a region. These three
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TABLE II
N UMBER OF A CCESSES
Data

Reads
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TABLE IV
T HREE D IFFERENT C OSTS FOR E ACH D ATA OF proc_X()
Writes

proc_X()

Data

SRAM S(Di )

NVM N(Di )

Main memory M(Di )

A

58

105

350

A

1

6

B

58

100

350

B

2

5

C

58

95

350

C

3

4

D

58

90

350

D

4

3

E

58

85

350

E

5

2

F

7

30

401

F

6

1

proc_Y()
A

1

9

B

1

9

C

1

9

TABLE V
D ATA A LLOCATION C OMPARISON
Algorithm

TABLE III

Udayakumaran’s
algorithm

C OST OF E ACH A CCESS
Notation

Costs

RS, W S

1

RN

2.5

WN

7.5

R M, W M

50

S→N

8.5

N →S

3.5

S→M

51

M→S

51

N →M

52.5

M→N

57.5

DAHS

costs can be computed with the following equations.
S(Di ) = Reads(Di ) × RS + Writes(Di ) × W S
+(moving_cost)
N(Di ) = Reads(Di ) × R N + Writes(Di ) × W N

(1)

+(moving_cost)
M(Di ) = Reads(Di ) × RM + Writes(Di ) × W M

(2)

+(moving_cost).

(3)

Three different costs of each data for proc_X() is shown
in Table IV. The cell corresponding to A/SRAM shows
the cost for A if A is in SRAM during the execution
of this region. We compute the value for this cell as
1 × RS + 6 × WS + M → S = 58. Notice that F/SRAM
is 7 because F is already in SRAM; it does not have the cost
of moving data from main memory to SRAM (M → S). The
cost table will be used in Section V to generate the optimal
data allocation for proc_X().
Since there is no algorithm designed for a hybrid SPM
architecture, we use the algorithm designed for pure SRAM
SPM architecture in [22] for comparison purposes. It is a
greedy algorithm. For each region, the most accessed data
is moved into the SPM. In our example, all six data have
the same number of accesses in this region which is 7.
So Udayakumaran’s algorithm will choose any five of them
to put into the NVM and SRAM. One possible solution is:

Data Allocation
A, B in NVM,
C, D, E in
SRAM, and F in
main memory
A, B, C in
SRAM, E, F in
NVM, D in
main memory

No. of writes
on NVM

Cost

11

780

3

639

A, B in NVM; C, D, E in SRAM; and F in main memory. With
this data allocation, the cost of this program region is 780.
It is computed as N( A) + N(B) + S(C) + S(D) + S(E) +
M(F) = 105 + 100 + 58 + 58 + 58 + 401 = 780. Here, the
cost could be access time or dynamic energy consumption.
With this data allocation, there are 11 writes on the NVM.
However, with another data allocation, not only the cost but
also the number of writes on NVM can be reduced. Instead of
the data allocation generated by Udayakumaran’s algorithm,
if the following data allocation: A, B, C in SRAM; E, F
in NVM; and D in main memory, is used, the cost of this
program region is reduced to 639. The cost can be computed
as N(E) + N(F) + S( A) + S(B) + S(C) + M(D) = 85 +
30 + 58 + 58 + 58 + 350 = 639. There are only three writes
on the NVM. Compared with Udayakumaran’s algorithm, the
cost is reduced by 18.77%, and the number of writes on NVM
is reduced by 72.73%. The second data allocation actually
is the optimal data allocation which incurs the minimal cost
for region proc_X(). The data allocation for hybrid SPM
(DAHS) algorithm presented in the next section can generate
the optimal data allocation. Table V shows the comparison
of the data allocations of these two difference algorithms.
The main reason why DAHS can reduce the cost is that it
differentiates between reads and writes. It then moves the data
read the most times into the NVM and moves the data written
the most times into the SRAM. In this way, we can take
advantage of the NVM while avoiding write activities on the
NVM, which reduces the cost and extends the lifetime of the
NVM. The details of DAHS will be presented in Section V.
DAHS can find the optimal data allocations for each
predetermined program region. However, there might be
several different data allocations that can achieve the minimal
cost. For this example, among all the data allocations for
region proc_X(), the data allocation described above is not
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TABLE VI
O PTIMAL D ATA A LLOCATIONS
Optimal data allocations

SRAM

NVM

Main memory

Cost

I

A, B, C

E, F

D

639

II

B, C, D

E, F

A

639

III

A, C, D

E, F

B

639

IV

A, B, D

E, F

C

639

the only one that can achieve the minimal memory access
cost. Including the data allocation described above, four
different data allocations can achieve the same results. They
are shown in Table VI.
These four data allocations can achieve the same results
for region proc_X(). However, as the initial data allocation for
proc_Y(), they will lead to different memory access cost for
proc_Y(). If we use allocation 1 as the initial data allocation
for proc_Y(), the minimal cost for proc_Y() will be 30. If we
use any of the other three data allocation, the minimal cost for
proc_Y() will be 132. Therefore, the best data allocation for
proc_Y() will be the first data allocation. The multiple region
data allocation (MURDA) algorithm described in Section VI
will show how to determine the best data allocation for the
next region among all the optimal data allocations for current
region.
V. R EGIONAL DYNAMIC DATA M ANAGEMENT
FOR H YBRID SPM
In this section, we present the details of the proposed
algorithms that generate optimal data allocations for each
predetermined program region. First, we formally define our
problem. Then we will present the algorithms.
A. Problem Definition
In this subsection, we formally define the problem.
Definition 5.1 Regional Optimal Data Allocation Problem:
Given the initial data allocation in the on-chip SPM, size of
SRAM, size of NVM, number of accesses to each data in this
region (can be obtained using profiling), RS, RN, RM, WS,
WN, WM, S→N, N→S, S→M, M→S, N→M, and M→N,
what is the optimal data allocation under which the total cost
of the execution of this region is minimized?
The inputs to our algorithm are the initial data allocation in
the on-chip SPM, size of SRAM Sizes , size of NVM Sizen ,
access counts in this region, RS, RN, RM, WS, WN, WM,
S→N, N→S, S→M, M→S, N→M, and M→N.

C[i, j, k] =

⎧
⎪
i M(Di ),
⎪
⎪
⎪
∞,
⎪
⎪
⎨

The output is a data allocation under which the total cost
of the execution of this region is minimized. The cost could
be energy or data access time.
B. Optimal DAHS
In this section, we introduce the process of finding the
optimal data allocation for each predetermined region. The
process consists of three parts. In the first step, we will compute costs for each data. Then we will determine the optimal
data allocation for the region with the DAHS so that the cost
for the execution of this region is minimized. In the third
step, based on the tables generated by DAHS, we construct
the optimal solutions. We will use an example alongside the
presentation to illustrate the ideas of our algorithm.
For illustration purposes, we use proc_X() in the example
presented in Section IV to demonstrate the process of the
DAHS algorithm.
The step of computing costs for each data was already
shown in Section IV. After we have the costs for each data,
as shown in Table IV, a dynamic programming algorithm
is used to compute the best data allocation for the region.
In this subsection, we first define a cost array C. Then we
will present the optimal substructure. Lastly, according to the
optimal substructure, we will present the DAHS algorithm.
Let Size(Di ) be the size of data i. Let C[i, j, k] be the cost
of the whole program region where there are j bytes empty
in the SRAM and k bytes empty in the NVM. For x ≤ i , data
Dx has been optimally determined. For y > i , data D y is in
the main memory.
The recursive function is shown in (4), shown at the
bottom of the page. This equation has three parts. In
the first part, if i = 0, j = Sizes , k = Sizen , which
means that all the data is in the main memory and all
on-chip memories are empty. In this case, C[i, j, k] should
be the sum of all M(Di ) since all the data is still in the main
memory. In the second part, for any j > Sizes or k > Sizen ,
C[i, j, k] will be infinity since j cannot be
larger than Sizes
and k cannot be larger than Sizen . Also, if ix=1 Size(Dx ) +
j + k < Sizes + Sizen , C[i, j, k] isset to be infinity since it
is impossible. In the third part, if ix=1 Size(Dx ) + j + k ≥
Sizes + Sizen , we set C[i, j, k] to be the minimum of the
following three values: 1) C[i − 1, j, k], which means that
Datai is still in the main memory; 2) C[i −1, j +Size(Di ), k]−
(M(Di ) − S(Di )), which means that Datai is moved into the
SRAM; and 3) C[i − 1, j, k + Size(Di )] − (M(Di ) − N(Di )),
which means that Datai is moved into the NVM.
According to the recursive function, the DAHS algorithm
is presented in Algorithm 1. In line 1, C[i, j, k] is initialized

if i = 0, j = Sizes , k = Sizen

if j + k < Sizes + Sizen − ix=1 Size(Dx )
or j > Sizes or k > Sizen

min(C[i − 1, j, k],
⎪
⎪
⎪
⎪
C[i − 1, j + Size(Di ), k] − (M(Di ) − S(Di )),
⎪
⎪

⎩
C[i − 1, j, k + Size(Di )] − (M(Di ) − N(Di ))), if j + k ≥ Sizes + Sizen − ix=1 Size(Dx )

(4)
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Algorithm 1 DAHS Algorithm
Require: Number of data Nd , Sizes , Sizen , S(Di ), N(Di ),
M(Di ) for each data Di .
Ensure: a data allocation under which the total cost of the
execution of this region
is minimized.
1: C[0, Sizes , Sizen ] ←
i M(Di );
2: for i ← 1 to Nd do
3: for j ← Sizes to 0 do
4:
for k← Sizen to 0 do
5:
if ix=1 Size(Dx ) + j + k < Sizes + Sizen then
6:
C[i, j, k]← ∞;
7:
end if
8:
end for
9: end for
10: end for
11: for i ← 1 to Nd do
12: for j ← Sizes to 0 do
13:
for k ← Sizen to 0 do
14:
if i + j + k ≥ Sizes + Sizen then
15:
C[i, j, k] ← min(C[i − 1, j, k], C[i − 1, j +
Size(Di ), k] − (M(Di ) − S(Di ))), C[i − 1, j, k +
Size(Di )] − (M(Di ) − N(Di ));
16:
if C[i, j, k] = C[i − 1, j, k] then
17:
Record[i, j, k] ⇐ (“data Di in main memory,”
(i − 1, j, k));
18:
end if
19:
if C[i, j, k] = C[i −1, j +Size(Di ), k]−(M(Di )−
S(Di )) then
20:
Record[i, j, k] ⇐ (“data Di into SRAM,”(i − 1,
j +Size(Di ), k));
21:
end if
22:
if C[i, j, k] = C[i −1, j, k +Size(Di )]−(M(Di )−
N(Di )) then
23:
Record[i, j, k] ⇐ (“data Di into NVM,”[i −
1, j, k + Size(Di )]);
24:
end if
25:
end if
26:
end for
27: end for
28: end for

according to the first part of 4. From line 1 to line 1,
C[i, j, k] is initialized to infinity according to the second
part of 4. From line 1 to line 1, we compute C[i, j, k]
according to part 3 of 4. In lines 1, 1, and 1, we use a
3-D array Record[i, j, k] to keep track of the actions and
previous locations so that we can construct the solutions. The
content of each unit of Record[i, j, k] is a set of 2-tuples.
The first element in each tuple is the action for Datai , i.e.,
where to place Datai ; and the second element is the previous
C[i, j, k] from which we can construct an optimal solution.
Note that we use “⇐” here, which means adding a new
tuple to Record[i, j, k]. Each unit in Record[i, j, k] can hold
multiple tuples. Using Record[i, j, k], optimal solutions can
be easily constructed. The time complexity of Algorithm 1 is
O(Nd × Sizes × Sizen ).
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Algorithm 2 MURDA
Require: Optimal data allocations from previous region DL,
data access information for the next region.
Ensure: The best optimal data allocation in DL.
1: best_layout←NULL;
2: optimal_cost←∞;
3: for d in DL do
4: use d to compute cost tables;
5: call Algorithm 1 (DAHS);
6: get the optimal cost CNR for the next region;
7: if CNR≤optimal_cost then
8:
best_layout←d;
9:
optimal_cost←CNR;
10: end if
11: end for

VI. G LOBAL DATA A LLOCATION
From the motivational example, we know that there may
be several possible optimal solutions for each predetermined
region. For example, there are four different optimal data
allocations for region proc_X. All the data allocations have the
same access cost for region proc_X (). However, since the data
allocation for current region will be the initial data allocation
for the next region proc_Y (), each optimal data allocation will
lead to a different memory access cost for the region proc_Y ().
Therefore, we need a method to choose the best data allocation
for the next region among all the optimal data allocations for
region proc_X (). Algorithm 2 is proposed to achieve this goal.
In Algorithm 2, we enumerate all the possible optimal
data allocations and use them as the initial data allocation to
compute the optimal data allocation for the next region. Then
we choose the data allocation that will generate the least costoptimal data allocation for the next region. Since the number
of regions and the number of optimal data allocations in each
region are usually not large, this enumeration is reasonable.
VII. E XPERIMENTS
In the experiments, we first evaluate the proposed
algorithms presented in this paper. Then we evaluate our novel
architecture. Experimental setup is presented in Section VII-A.
The experimental results of the proposed algorithms are
presented in Section VII-B1 and the experimental results for
the proposed hybrid SPM are presented in Section VII-B2.
A. Experimental Setup
In our experiments, we evaluate a hybrid SPM which
consists of SRAM and PCM. The reason why we chose PCM
among all the NVMs is that it is currently the most promising
NVM technology in terms of lifetime and access latency.
We used the PCM memory simulator NVsim [35], which
is a PCM-supporting variant of the CACTI tool, to estimate
the read/write latencies and their energy consumption for a
given size of PCM memory. We used 45-nm technology with
the tool. We also used NVsim to obtain the access latencies
and energy consumption for a given size of SRAM memory.
Area was used as the optimization goal in NVsim.
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TABLE VII
TARGET S YSTEM S PECIFICATION

TABLE IX
A CCESS T IME C OMPARISON

Component

Description

CPU

Frequency: 1.0 GHz

On-chip
SPM
SRAM part

Size: 16 kB, access latency: 3.95 ns, access energy:
0.034 nJ, leakage power: 7.99 mW

On-chip
SPM NVM
part

Size: 64 kB, read latency: 1.55 ns, write latency
(SET/RESET): 131.01/61.01 ns, read energy:
0.043 nJ, write energy(SET/RESET): 3.21/3.85 nJ,
leakage power: 2.01 mW

Main
memory

DDR SDRAM, Size: 512 MB, Access latency:
104.4 ns access energy: 3.26 nJ, leakage power:
200.685 mW

Benchmarks

Udayakumaran’s algorithm
Time (µs)

DAHS + MURDA
Time (µs)
Imprv.

qsort

21 404.09

18 086.06

15.50%

susan

6458.90

5312.89

17.74%

basicmath

23 698.34

23 275.89

1.78%

bitcount

2112.62

657.93

77.38%

dijkstra

17 837.25

16 081.10

9.85%

patricia

20 533.64

20 410.26

0.60%

stringsearch

3978.83

414.52

14.18%

rijndael

25 721.65

24 960.97

2.96%

sha

15 933.03

13 974.33

12.29%

TABLE VIII

CRC32

12 582.21

9411.98

25.20%

RUNNING T IME OVERHEAD

FFT

12 911.70

11 407.70

11.65%

Benchmarks

Udayakumaran’s algorithm
Time (s)

DAHS + MURDA
Time (s)

qsort

47.14

359.96

susan

34.07

150.10

basicmath

41.6

521.87

bitcount

1.31

25.48

dijkstra

37.2

329.04

Average

17.19%

TABLE X
DYNAMIC E NERGY C ONSUMPTION C OMPARISON
Benchmarks

Udayakumaran’s algorithm
Energy (µJ)

DAHS + MURDA
Energy (µJ)
Imprv.

patricia

47.95

494.72

qsort

613.61

539.00

12.16%

stringsearch

5.16

172.64

susan

172.00

139.22

19.06%

rijndael

7.91

142.16

basicmath

726.12

690.79

4.87%

sha

10.2

56.22

bitcount

65.79

12.15

81.53%
14.44%

CRC32

5.7

44.51

dijkstra

526.48

450.45

FFT

4.07

58.32

patricia

592.32

572.70

3.31%

stringsearch

115.87

100.08

13.63%

We developed a trace-driven hybrid SPM simulator and
integrated the obtained PCM and SRAM memory model
to evaluate the new architecture. The simulator consists of
a memory trace processing unit, SPM with SRAM and
PCM, and a DDR SDRAM main memory. The target system
specification used for our experiments is shown in Table VII.
We ran benchmarks from Mibench [36] in Simplescalar and
collected the memory trace for each region. We then fed the
memory trace for each region into our simulator. We used
the criteria described in [22] to determine regions. There are
two kinds of program points: 1) the start of each procedure
and 2) just before the start of every loop. Codes between
two program points are defined as one region. We selected 11
applications from the Mibench benchmark site: qsort, susan,
basicmath, bitcount, dijkstra, patricia, stringsearch, rijndael,
sha, CRC32, and fast Fourier transform (FFT).
We implemented our algorithm as a standalone program
which takes the memory trace as input and profiles through
the memory trace. After that, it decides the optimal data
allocation for each program region and generates the proper
data movement instructions. The data movement instructions
for each region are then fed into our SPM simulator.
B. Experimental Results
1) Evaluation of the Proposed Algorithms: In this section,
we compare the proposed algorithms with the greedy algorithm presented in [19], which is designed for pure SRAM

rijndael

783.40

733.21

6.41%

sha

423.11

356.54

15.73%

CRC32

342.04

190.15

44.41%

FFT

388.72

335.34

13.73%

Average

20.84%

SPM. Table VIII shows the running time (in seconds) of
Udayakumaran’s algorithm and the proposed algorithms. From
the table, we can see that Udayakumaran’s algorithm can finish
in less than 1 min for all the benchmarks. The proposed DAHS
and MURDA algorithms together can finish in less than 10 min
for all the benchmarks.
Table IX shows the experimental results when we use
time as the optimization objective. In this set of experiments,
both algorithms are used to determine the hyrbid SPM data
allocation for each program region. For each algorithm, we
collected the on-chip memory accesses time. The first column
of Table IX shows the benchmarks’ names. The second column
shows the memory access time when we use Udayakumaran’s
algorithm to determine the data allocation for each region. The
third column shows the memory access time when we use our
algorithms to determine the data allocation for each region.
The fourth column shows the percentage that the proposed
DAHS and MURDA algorithms can reduce compared with
Udayakumaran’s algorithm. From the table, we can see that
the proposed algorithms can reduce the memory access time
by 17.19% on average.
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TABLE XI
N UMBER OF W RITES C OMPARISON
Benchmarks

Udayakumaran’s algorithm
Writes

DAHS + MURDA
Writes
Imprv
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the leakage power for the SRAM architecture is 15.96 mW,
as shown in Table XII. For the same running time, the new
architecture can reduce the leakage power by 37.34%.

qsort

71 148

15 226

78.60%

VIII. C ONCLUSION

susan

4488

133

97.04%

basicmath

46 374

13 833

70.17%

In this paper, we proposed a novel hybrid SPM that consisted of SRAM and NVM to take advantage of the ultralow
leakage power and higher density of NVM. Also, we proposed
a novel dynamic data management algorithm to make use of
the full potential of NVM. According to the experimental
results, with the help of the proposed algorithms, the novel
hybrid SPM architecture could reduce the memory access time
by 18.17%, the dynamic energy by 24.29%, and the leakage
power by 37.34% compared with a baseline pure SRAM SPM
with same area size.

bitcount

135

13

90.37%

dijkstra

66 684

21 297

68.06%

patricia

60 405

14 651

75.75%

stringsearch

7154

90

98.74%

rijndael

15 359

12 302

19.90%

sha

100 322

37 577

62.54%
99.92%

CRC32

53 083

41

FFT

92 388

16 467

Average

82.18%
76.66%

TABLE XII
BASELINE S YSTEM S PECIFICATION
Component

Description

CPU

Frequency: 1.0 GHz

SRAM SPM

Size: 32 kB, access latency: 5.72 ns, access
energy: 0.061 nJ, Leakage power: 15.96 mW

Main memory

DDR SDRAM, Size: 512 MB, Access
latency: 104.4 ns Access energy: 3.26 nJ,
Leakage power: 200.685 mW

Table X shows the experimental results when we use
dynamic energy as the optimization objective. From the table,
we can see that the proposed algorithms can reduce the
dynamic energy by 20.84% on average.
Table XI shows the experimental results when we use the
number of writes on NVM as the objective. From the table, we
can see that the proposed algorithms can reduce the number
of writes on NVM by 76.66% on average. Since the NVM
normally has a limited number of writes, by reducing the
number of writes on the NVM, we can extend the NVM’s
lifetime. By reducing 76.66% of the number of writes on
NVM, our method can extend the lifetime of NVM by over
four times.
2) Evaluation of Hybrid SPM: In this section, we compare
the hybrid SPM architecture with a traditional purely SRAM
SPM in terms of memory access time and dynamic energy
consumption. The hybrid architecture is shown in Table VII,
while the baseline architecture is shown in Table XII.
The hybrid SPM has 16 kB SRAM and 64 kB PCM, while
the baseline SPM has 32 kB SRAM. Since the PCM can
be made four times denser than SRAM, these two SPMs
occupy similar areas. We use Udayakumaran’s algorithm to
manage the data allocation for pure SRAM SPM and use
the DAHS algorithm to manage the data allocation for hybrid
architecture.
On average, the hybrid architecture can reduce the memory
access time by 18.17% and the dynamic energy by 24.29%
in our experiments. The static leakage power consumption for
the hybrid architecture is 10 mW, as shown in Table VII, and
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