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Improvement Energy Efficiency for a Hybrid Multibank Memory in Energy Critical
Applications
Jungseok CHO, Jonghee M. YOUN, Doosan CHO*
Abstract: High performance, low power multiprocessor/multibank memory system requires a compiler that provides efficient data partitioning and mapping procedures. This
paper introduced two compiler techniques for the data mapping to multibank memory, since data mapping is still an open problem and needs a better solution. The multibank
memory can be consisted of volatile and non-volatile memory components to support ultra-low powered wearable devices. This hybrid memory system including volatile and
non-volatile memory components yields higher complexity to map data onto it. To efficiently solve this mapping problem, we formulate it to a simple decision problem. Based
on the problem definition, we proposed two efficient algorithms to determine the placement of data to the multibank memory. The proposed techniques consider the
characteristic of the non-volatile memory that its write operation consumes more energy than the same operation of a volatile memory even though it provides ultra-low
operation power and nearly zero leakage current. The proposed technique solves this negative effect of non-volatile memory by using efficient data placement technique
and hybrid memory architecture. In experimental section, the result shows that the proposed techniques improve energy saving up to 59.5% for the hybrid multibank memory
architecture.
Keywords: low power; memory system; optimizing compiler; system software; wearable IoT devices
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INTRODUCTION

As various portable electronic devices are being
smaller in size with high performance, the importance of
low power design is becoming more important in battery
critical wearable devices. Design of wearable devices must
consider cost, energy, performance, and size to meet
market needs. The energy is the major component to
determine cost, performance and device size, since it
determines battery capacity. Thus, low power concern
becomes an important factor in its design. Fig. 1 shows
increasing of leakage power with a system chip fabrication
process in nanoscale. In the deepening fabrication
technology, the leakage power is being higher and higher
than before with current transistors.
Most related works focus on memory components
which consume about 40% of operation power in a system
chip. Some of those works chose a non-volatile memory
component, since it provides nearly zero leakage power.
Such works presented techniques to avoid the leakage
power problem. However, such nonvolatile memory has a
critical disadvantage. It is that nonvolatile memory
consumes more power to perform write operation than its
read operation. This study proposes two techniques to
mitigate the disadvantage of the nonvolatile memory
component. In this work, low power design of a wearable
system focuses on system software that controls function
of hardware components. Similarly, many researches are
being conducted on the control of the memory system that
consumes about 40% of system on a chip. In the memory
system researches, low power optimizations can be divided
into two groups. The first group is focused on code
restructuring like loop transformations [1-3]. The second
group is data optimization for memory hierarchy [4, 5].
The code optimizations like loop transformations (such as
loop tiling, fusion and unrolling) improve performance and
power consumption for on/off memories. The data
optimization techniques (such as data block prefetching)
optimize data fitting to the shape of memory hierarchy. The
proposed techniques in this study belong to the second
group.
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In this paper, the proposed techniques optimize
software for a multibank memory system [6], which is
adopted in many wearable systems that provide low
cost/high performance. Since multibank memory uses
several small memory cells connected to each other, the
operation power is relatively smaller than that of the same
size large cell memory. The multibank memory provides
high performance by providing simultaneous accesses to
data with multiple read/write ports. This is the efficient
memory design approach that is usually adopted when low
cost/high performance is required. In order to provide
lesser operating power, multibank memories should be
designed in a hybrid form. The hybrid memory can consist
of a non-volatile memory and a traditional volatile
memory. The disadvantage of the hybrid multibank
memory is the needs to analyse data access patterns to
efficiently determine data placement on the multibank.
This data placement problem is determined by several
data/control flow analyses of an optimizing compiler. The
compiler can analyse a given program source code to
determine the access patterns of data to efficiently
determine their placement on the multiple memory banks.
Commercialized compilers for TI's TMS320x, ATL's
ARC processor, and ADRES architecture [7-9], which
adopt multibank memory architecture, are commercially
available and confidential. Such existing technologies
cannot be used for startup manufacturers. In the case of
startup's product, the development cost increases
exponentially because of technology license fee for the
new wearable devices. This study helps the startups to
choose the traditional hardware architecture and at the
same time provide convenience to develop new wearable
devices and their system software at low cost. This paper
is organized as follows. The next chapter shows the
background, and Chapter 3 explains the technical details
proposed in this work. In Chapter 4, the experimental
results are examined. In this study, we introduced a static
data placement technique and a dynamic technique, and
evaluated the two techniques proposed in the experiments.
Chapter 5 illustrates related works and finally conclusion
is described in Chapter 6.
Technical Gazette 27, 6(2020), 1946-1955
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Figure 1 Leakage power with fabrication technologies in nanoscale

2

BACKGROUND OF A HYBRID MULTIBANK MEMORY
AND ITS COMPILER

As mobile systems, cloud computing and wearable
devices have becoming more prevalent; research and
development on low-power embedded systems have
rapidly increased along with battery technology. Memory
system requires more than 40% power dissipation in an
embedded system [10]. Thus, many studies have been
conducted to reduce power consumption in memory
systems [10-12]. The technique introduced in [11] is for
placing blocks of code and provides several measurements
of energy consumption. With various sizes of SRAM,
experiment results of the work show reduction of energy
by an average of 31.3% in benchmarks. The technique
introduced in [12] is the only technique that considers heap
data and applies SPM management at runtime. Its
experimental results show that the technique can reduce the
average power consumption by 39.9% for a fixed SPM of
the same size with 5% of the total data size in the
comparison between all heap variables placed in DRAM
and global/stack data placed in SPM.
In the previous studies, researchers focused on energy
saving by using data placement. Frequently used data can
be placed onto low powered memory components.
However, the use of data usage optimization is not
sufficient to save energy consumption in a system chip. In
addition to that, battery technology does not meet the
market requirement to increase its capacity and size. Thus,
it is essential to support new memory architecture to
consume lower energy. This study presents compiler
optimization techniques that support a hybrid multiple
bank memory architecture, which consists of non-volatile
and traditional volatile memories.
Nonvolatile memory bank has the advantage of high
density and nearly zero leakage power, while it has a
disadvantage for the write operation [13]. The
disadvantage of nonvolatile memory is that it consumes
more energy in execution of the write operation, and it also
takes longer latency. Thus, data placement optimization is
mandatory for the hybrid memory to make lower the
negative effect of the write operation [14]. To overcome
this negative effect, many studies proposed techniques to
add hardware controller, operating system support and/or
compiler support [15-17]. Additional hardware consumes
more energy, thus it is not a viable option in mobile
devices. To efficiently utilize a hybrid memory
architecture, an operating system or a compiler must be
able to determine data placement on volatile or nonvolatile
Tehnički vjesnik 27, 6(2020),1946-1955

memory banks. It is a well known problem called data
partitioning and mapping [18]. Normally, a compiler
determines data partition and its placement [19]. In this
work, we proposed two compiler techniques that provide
data partition and placement onto traditional volatile
memory and nonvolatile memory banks.
In the hybrid memory, it is important to reduce
disadvantage of non-volatile's write operation by allocation
of the write-intensive data to traditional volatile memory
and the read-intensive data to non-volatile memory. The
proposed data placement techniques use profiling data for
the whole variables in the given target program.
The first proposed technique is a static approach to
determine data placement in the hybrid memory banks.
Static approach means that the placement of data is
determined at compile time. Therefore, there is no data
movement during program execution. The second
technique is a dynamic approach to determine data
placement. The dynamic technique allows data transfers
during program execution. It maximizes the advantage of
the hybrid memory space. As a result, dynamic technique
leads to a better result than the static one. In the
experimental section, the comparison results with the
applied proposed techniques are illustrated.
Fig. 2 shows a simple functional sequence of a
traditional compiler backend. The compiler backend works
in the following order: instruction selection, instruction
scheduling, register allocation, instruction scheduling, and
code emission. In multiprocessor systems, a global
scheduler is added to the workflow behind of instruction
scheduler. If the functions are implemented in a modular
way, they can be used as a library. Thus, the design of a
compiler framework maximizes its reusability. The
proposed technique is designed for a traditional compiler.
It can be used in the same way as a traditional compiler
optimization, and the optimization order can be adjusted to
its needs as shown in Fig. 2.

Figure 2 The proposed technique in the compiler's backend
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There are some similar studies on a hybrid memory.
Awasthi et al. introduced a technique that utilized DRAM
and NVM as a main memory [20]. It saves energy by
substituting flash memory for a main memory in specific
applications. Park et al. introduced a technique to manage
the operation power of a hybrid memory using DRAM and
PRAM [21]. Hassan et al. introduced a technique to reduce
total energy consumption using Scratch Pad Memory with
DRAM [14]. One of the finest technologies for traditional
multibank memory is presented in the work of Cho [22] on
the asymmetric memory banks of TI architecture. The
work is limited to a memory platform consisting of SRAM
cells in an asymmetric memory bank, so it is difficult to
apply to a hybrid form's multibank memory. Although the
existing studies solved different problems in their own
works, none of the papers addressed the problem of data
placement in the hybrid multibank memory. To the best of
our knowledge, this is the first work to solve the data
placement problem in the hybrid multibank memory
architecture.

Figure 3 Multiprocessor and multibank memory architecture
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THE PROPOSED TECHNIQUES

Fig. 3 shows the target memory architecture. It is the
same as the traditional memory architecture, except that the
memory space is divided into volatile memory banks (VM)
and nonvolatile memory banks (NVM). As shown in the
figure, read intensive variables should be placed to NVM
to take all advantage of NVM. It maximizes the energy
efficiency from the hybrid multibank memory system. The
data partitioning problem to place data for the hybrid
multibank memory can be determined by the equation
shown in Fig. 4.
The function in Fig. 4 represents making decision to
place data for selection VM and NVM in the hybrid
memory. The metrics for selection VM and NVM in hybrid
memory are defined to select the one that consumes lower
energy based on the number of read and write operations
profiled for each data block (variable). To take advantage
of the hybrid memory, the amount of energy consumed
when allocating to NVM and VM for each variable should
be calculated. The amount of read energy of data_block (i)
is calculated by Energy_READ function and the amount of
write energy calculated by Energy_WRITE function. They
calculate the total amount of NVM_Energy, and compare
it with VM_Energy, and then make the final choice for
variable's placement with the lower energy consumption.
The hybrid memory placement decision is determined
by the hybrid decision function in Fig. 4. Specifically, the
placement of the data variables must be determined taking
into account the amount of total energy consumption,
overhead and capacity of VM/NVM. The function
NVM_Energy returns the amount of energy consumption
if data_block (i) is placed onto a NVM bank. The function
1948

VM_Energy returns the amount of energy consumption if
data_block (i) is placed onto a VM bank. The function
OVERHEAD represents the amount of energy
consumption of transfer data_block (i) from/to NVM/VM.
The CHOOSE_MINIMUM function returns a placement
result of data_block(i) that is calculated from the
calculation of NVM_Energy and VM_Energy.

Figure 4 The hybrid placement decision

After determining the hybrid choice of NVM and VM,
the whole variables are partitioned to NVM placement or
VM placement. And then, the proposed techniques
optimize data locality within the NVM/VM placement
decision. The data placement result of our technique should
provide higher data locality to improve system
performance.
To
that
end,
we
define
a
WORKING_WINDOW that provides a time slot to
improve data locality. The WORKING_WINDOW
supports data locality in temporal perspective. Otherwise,
our technique obtains spatial locality to place such data
used in WORKING_WINDOW to the same memory bank.
The WORKING_WINDOW size can be determined by a
cache page size, since it is designed with consideration of
temporal and spatial data locality. On the other hand, our
target system's programming model is based on a multitask
model. It represents there is no shared variables, thus there
is no concern about variable's consistency in this study.
To obtain variables information used in
WORKING_WINDOW, it is needed to analyse a live
range of variables at a certain point in program execution.
Live range represents the time between definition of a
variable and the end of its use. The variables should place
the same memory bank when they have intersection of their
live range. It provides better data locality in spatial and
temporal. Algorithm 1 shows the live range analysis. The
function Set_Live_Range returns live range of data_block
(i). Begin_Live_Range represents the live range's
beginning point of data_block (i). End_Live_Range
represents the live range's end point of data_block (i).

Figure 5 The live variable analysis

This code is an example of the live range analysis. Live
range of variable B is from line 2 to line 3. The definition
of variable B is at line 2, and the last use is at line 3. The
live range of variable A is from line 1 to line 4. Variable A
and B should be placed on the same memory bank to make
Technical Gazette 27, 6(2020), 1946-1955
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higher data locality. Therefore, the size
WORKING_WINDOW is two in this example.

of

Figure 6 The multibank decision function

In Fig. 6, function GET_DATA_BLOCK brings data
blocks having spatial and temporal locality to the same
memory bank. The other data should be placed to different
memory bank when there is no data locality.
The decision functions of hybrid memory selection
and multibank selection are key components to the
proposed static data placement algorithm in this work. The
algorithm shows how to determine data placement in a
static way to consider energy saving and memory bank
space. It can be seen that the algorithm first determines the
hybrid decision and then performs the multibank decision
in the hybrid multibank memory consisting of VM/NVM.
Algorithm 2 shows the static data placement algorithm
for a hybrid memory with VM and NVM multibank
memory. It takes input data as the whole variables of a
given target program, which is provided by profiler. The
output is the result of data placement for the hybrid
multibank memory.
NVM's read instruction has less energy consumption
per access than the same size of VM. To improve energy
consumption of a system, read intensive data should be
placed to NVM as long as possible. Algorithm 2
determines the placement for maximizing energy saving
using NVM memory bank. On the other hand, write
intensive data should be placed on VM, since NVM's write
instruction consumes more energy than the same size of
VM. In the algorithm, each variable is defined as a data
block.

Figure 7 The static data placement algorithm
Tehnički vjesnik 27, 6(2020),1946-1955

In Fig. 7, algorithm 2 makes the decisions that
determine the final placement for data block i. In order to
maximize energy saving using the advantage of NVM, read
intensive data have higher priority placing on it. To that
end, the placement procedure checks availability of NVM
space. Write intensive data and other remaining data
should be placed onto VM memory bank. Algorithm 2 is a
static data placement technique, thus, the result of data
placement is not changed during program execution. As
shown in Fig. 7, the execution order of the overall
workflow is as follows:
1. In HYBRID_DECISION (DATA_BLOCK) function,
the read intensive data should be placed to NVM memory
bank to maximize energy saving.
2. MULTIBANK_DECISION
(DATA_BLOCK)
function improves spatial and temporal data locality to
exploit live range information. It determines whether the
data blocks are placed to different memory bank or to the
same bank. When a certain memory bank is full, then they
should be placed to the other available bank in the same
hybrid memory decision.
3. STATIC_DATA_PLACEMENT (DATA_BLOCK)
function determines the physical memory address of the
data block placed to a certain memory bank.

Figure 8 The overall procedure of the static data placement technique for the
bubble sort code

Fig. 8 shows an example of the static data placement
technique. The static technique does not change the
determined data placement from the program's beginning
of its execution to its completion, because the data
placement is determined at compile time. In the dynamic
technique, since placements of data blocks change
dynamically during program execution, movement
overhead is added due to the addition of move instructions
according to the data movement. Because of the limited
memory space, dynamic techniques usually provide a
better result for the hybrid memory system despite the
additional transfer overhead. The experiment describes this
in Section 4.
The example in Fig. 8 shows overall procedures of the
static placement technique applied to a bubble sort code. In
the case of sort size 8, the number of read/write for data
blocks (variables) was obtained by profiling and the
profiled information is shown in the upper right of Fig. 8.
A hybrid decision is first made according to the procedure
of the static technique shown in Fig. 7. NVM energy and
VM energy are calculated with the profiled information
and energy consumption per a memory access. In this
example, VM's read/write energy consumptions are
2396.16 pJ/798.72 pJ, NVM's read/write energy
1949
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consumptions are 798 pJ/952 pJ. Therefore, in the case of
array variable, it executes 112 reads and 56 writes. By the
hybrid decision function, NVM_Energy and VM_Energy
are calculated to 142,688 pJ and 313,098 pJ respectively.
NVM provides lower energy consumption for array, thus,
it is placed into NVM. With the same procedures, i is
placed on NVM, and temp is placed on VM because it has
the same number of reads/writes. step and size are placed
to VM because there is no available space in NVM with
size 9, even though the number of reads is larger than
writes.
Second, in the multibank decision, the live range of
each data block should be analysed. As shown in the code
at the top left of Fig. 8, it can be easily confirmed that the
definition and use of all data blocks overlap.
Therefore, all data blocks should be placed to the same
memory bank in their assigned memory. With a data block
holding the largest energy saving, i is placed to the first
bank of NVM. Next, array tries to be placed to the same
memory bank of NVM. Since NVM consists of two
memory banks of size 5 and 4, three elements of array are
placed to the same bank of i, and the rest of array is placed
to the other available memory bank. Temp, step and size
are all placed to the same memory bank of VM.
In Fig. 9, algorithm 3 shows the proposed dynamic
data placement algorithm. It has the same decision
functions
of
HYBRID_DECISION,
MULTIBANK_DECISION of Algorithm 2, and it has a
unique function of DYNAMIC_DATA_PLACEMENT.
Algorithm 3 uses timely ordered data blocks generated by
profiling. HYBRID_DECISION function generates a
result of data block placement for NVM or VM with all
variables. For the data block placed to NVM/VM,
MULTIBANK_DECISION function determines whether
they should be allocated to the same memory bank or to a
different bank. The final step is to execute
DYNAMIC_DATA_PLACEMENT
function.
It
determines physical memory addresses for all data blocks.
Graph colouring algorithm leads to this physical memory
placement.

Figure 9 The dynamic data placement algorithm
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The overall execution procedure of Algorithm 3 is as
follows:
1. In HYBRID_DECISION (DATA_BLOCK) function,
the read intensive data are placed to the limited NVM
memory space with maximizing the energy saving.
2. MULTIBANK_DECISION
(DATA_BLOCK)
function improves temporal and spatial data locality. With
live range analysis, data blocks should be placed onto the
same memory bank or different memory bank. When a
particular bank is full, data blocks are placed to the
available memory bank in VM or NVM.
3. DYNAMIC_DTA_PLACEMENT (DATA_BLOCK)
function determines the physical placement of the variables
placed to each memory bank. At this time, each memory
bank is divided into fixed size of virtual registers, and the
physical placements of the variables are determined by a
graph colouring algorithm. By using the graph colouring
algorithm, a set of placements of data blocks can be
changed during the program execution. As a result, the
hybrid multibank memory can be used more efficiently.
As shown in Fig. 9, the proposed dynamic technique is
designed based on a graph colouring technique. The goal
of graph colouring technique is to efficiently use limited
memory space. Traditionally it is used for register
allocation algorithm [23]. It is designed to allocate a small
number of registers to as many variables as possible. In the
dynamic data placement function, the number of colours is
the number of registers of the register allocation technique,
and the number of variables is the target for the coloring
problem of the register allocation technique.
For this colour allocation procedure, the live range of
the variables should be calculated. Live variables are
calculated with their used range in the program execution
so that variables should not be assigned to the same colour.
The live range of a variable can be represented by a node
of a graph, which is called interference graph. The node
can be colorized based on the interference graph that
indicates live range overlap information between nodes
[23]. Specifically, nodes in the graph represent variables,
and variables with live range overlapping have edges
between such nodes. The graph colouring procedure
cannot allocate the same colour to the nodes having edges.
At the end of this colouring procedure, all nodes having
edges have a different colour if there are available colours.
It means all variables have their own memory space
(colour) on the hybrid multibank memory.
In order to use the graph colouring technique in the
hybrid multibank memory, a certain partitioned space
(colour) of the memory space to be allocated must be
defined. This is defined by profiling the given program. For
example, if the profiling result shows that the given
program uses 80% of 32 bytes data blocks and 20% of 16
bytes data blocks, the memory space should be divided into
80% of 32 bytes partitions and 20% of 16 bytes data block
partitions for the colouring procedure.
If there is a 1024 bytes of memory space, the 80% of
space (820 bytes) is divided into twenty five (colours) 32byte spaces to allocate (colouring) the variables. The
remaining 204 bytes are divided into thirteen (colours) 16
bytes to allocate (colouring), and apply the graph colouring
by constructing the interference graph for the variables
used in the given program. As a result, the limited memory
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space can be used more efficiently with the graph
colouring.
By using the control flow analysis and data flow
analysis of a compiler analyzer, the live range of all data
variables can be obtained with the technique [24]. Since the
analysis technique of the compiler is not the purpose of this
study, it is described how to use the interference graph and
graph colouring [25] in the proposed dynamic technique,
except the data/control flow analysis [26].
The basic idea of live range analysis is to summarize
when the variable was defined and when it was finally
used. The operation of live range analysis is quite straight
forward. To achieve optimal data placement or global
optimization, it is necessary to do a live range analysis on
the whole procedures, not a single basic block. To that end,
data flow information is needed that collects by a compiler
process called data flow analysis. The live range
information for the whole data variables can be obtained
by the technique [24]. Algorithm 3 calculates live variables

at each basic block in the given program. Based on this live
range information, an interference graph can be
constructed to colorize memory space which partitioned
profiled memory sizes.
Fig. 10 shows the live ranges of the four variables A,
B, C, D and their interference graph. Variables A and D
have no edge in the interference graph because their live
ranges do not overlap. The live range of variable A
overlaps with B and C, thus, they have edges in the
interference graph. The live range of variable B overlaps
with variables A, C, D. The live range of variable C
overlaps with variables A, B, D. Thus, they have edges to
all other nodes. The live range of variable D overlaps with
variables B and C. Variables A and D have no overlap and
no edge. They can have the same colour by the graph
colouring approach. Thus, it needs three colours for the
four variables. This represents that variables A and D can
be placed to the same memory space in a different time. It
provides efficient use of the hybrid memory space.

Figure 11 The overall procedure of the dynamic data placement technique for the bubble sort code example

Figure 10 An interference graph generated by the live range information

The graph colouring algorithm allows all nodes in the
interference graph to be assigned a minimum number of
colours. NVM address space is partitioned into small
partitioned sizes which are determined by profiling. The
number of partitioned space is the total number of colours
Tehnički vjesnik 27, 6(2020),1946-1955

in the proposed algorithm 3. By doing so, read intensive
data blocks are placed to NVM space.
The example of Fig. 11 shows an overall procedure of
the dynamic data placement technique applied to the
bubble sort code. In the case of sort size 8, the number of
read/write for data blocks (variables) was obtained by
profiling and the profiled information is shown in the upper
right of Fig. 11. First, the hybrid decision should be
determined by the technique in Algorithm 3. NVM energy
and VM energy are calculated with the profiled
information and energy consumption per a memory access.
In this example, VM's read/write energy consumptions are
2396.16 pJ/798.72 pJ, NVM's read/write energy
consumptions are 798 pJ/952 pJ. Therefore, in the case of
array variable, it executes 112 reads and 56 writes. By the
hybrid decision function, NVM_Energy and VM_Energy
are calculated to 142,688 pJ and 313,098 pJ respectively.
NVM provides lower energy consumption for array, thus,
it is placed into NVM. With the same procedure, i is
assigned to NVM, and temp is assigned to VM because it
has the same number of reads/writes. step and size are
1951
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assigned to VM because there is no available space in
NVM with size 9, even though the number of reads is larger
than writes.
Second, in the multibank decision, the live range of
each data block should be analysed. As shown in the code
at the top left of Fig. 11, it can be easily confirmed that the
definition and use of all data blocks overlap.
Therefore, all data blocks should be placed to the same
memory bank in their assigned memory. With a data block
holding the largest energy saving, i is placed to the first
bank of NVM. Next, array tries to be placed to the same
memory bank of NVM. Since NVM consists of two
memory banks of size 5 and 4, thus, three elements of array
are placed to the same bank of i, and the rest of array are
placed to other available memory bank. Temp, step and size
are all placed to the same memory bank of VM. In this
example, if there are two data blocks that do not overlap

Benchmarks
target variables
profiles

4

Complex
multiply
6 variables
8 reads
2 writes

Complex
update
4 variables
10 reads
11 writes

Table 1 Benchmarks from DSPstone
Dot
convolution
fir
product
4 variables
4 variables
4 variables
98 reads
8 reads
105 reads
98 writes
8 writes
105 writes

EXPERIMENTAL RESULT

This section illustrates evaluation results of the
proposed two techniques in the hybrid multibank memory.
In this evaluation, eight multimedia benchmarks are used
from DSPstone [27]. Tab. 1 presents the benchmark codes
and their profiled information. Cacti 7.0 [28] and NVSim
[29] are used for the energy parameter of the hybrid
multibank memory. Cacti and NVSim use a variety of
memory configurations as an input. It uses the number of
banks, the number of ports, the block size, fabrication
technology depth, and the memory capacity. They provide
its area, delay, and energy consumption for the given
memory configuration.
Cacti provides the information for VM only in the
hybrid multibank memory, thus, NVSim is used to
generate the same information for NVM. To obtain product
level's evaluation, STT-MRAM (Spin-Transfer Torque
Magnetic Random Access Memory) and SRAM (Static
Random Access Memory) are chosen for NVM and VM,
since they are the representative architecture design in
commercialized products. Tab. 2 shows characteristics of
STT-MRAM and SRAM that are used for these
evaluations. With a capacity of 32 kB, STT-MRAM
operates read/write operations at 8.506 pJ/35.285 pJ, and
SRAM operates read/write operations at 31.351 pJ/30.304
pJ. STT-MRAM provides the read operation less than 30%
energy consumption of SRAM, but it provides 20% higher
write operation than SRAM.
As summarized in Tab. 2, the experiments were
conducted on a 32 kB STTRAM/SRAM hybrid multibank

STT-MRAM
SRAM

Capacity
32 kB
32 kB

lms

Matrix1

Matrix2

8 variables
164 reads
146 writes

6 variables
4410 reads
4910 writes

6 variables
5010 reads
5510 writes

memory manufactured by a 22 nm fabrication process. The
ratio of the STTRAM/SRAM hybrid bank is 3:1, which is
the same as that of commercial products. Fig. 12 and Fig.
13 show the energy consumption results from applied static
technique for 8 benchmarks in DSPStone. The eight
benchmarks were classified into three groups, large,
middle, and small according to the frequency of memory
accesses. For each benchmark group, the memory size was
changed to 128 kB, 64 kB, 32 kB, and 16 kB.
The baseline for evaluation of the proposed techniques
is a multibank memory composed of DRAM. This is
because commercial memory architectures consist of a
small hybrid memory and a large amount of DRAM.
In the case of small groups benchmarks with 16 kB
memory size, the experimental results show that
complex_multiply improved by 69.9%, complex_update
improved by 75.1%, and dot_product improved by 72%
compared to the baseline. It can be seen that the static
technique works well even in small memory size. In
addition, when the memory size is increased to 32 kB, the
energy consumption can be improved up to 85.7%, 75.1%,
and 74.6% compared to the baseline respectively.
Complex_update does not be improved due to the
increment of memory size, because all data are stored to
the 16 kB memory. Complex_multiply and dot_product
can take additional improvement up to 52.6% and 9.2%
respectively when the memory size is increased from 16
kB to 32 kB. As shown in the figure, increment the memory
size from 64 kB to 128 kB did not get any additional energy
saving. This is because all the data used in the benchmarks
can be stored in 32 kB of memory.

Table 2 Characteristics for VM and NVM
Read/Write energy consumption
Fabrication technology depth
8.506/35.285 pJ
22 nm
31.351/30.304 pJ
22 nm

With the middle group, the results of energy
consumption show 32.6% improvement in convolution,
20.2% improvement in fir, and 39.8% improvement in lms
1952

their live ranges, then one memory space can be shared
with them. To confirm this, we construct an interference
graph. Fig. 11 shows the interference graph at the bottom
left. Each data block becomes a node of the graph, and the
edges represent overlapping of the live range between data
blocks. Since all variables overlap in the example, we can
see that all variables require independent memory space.
Colouring is performed to confirm this. It can be seen that
every node needs a different colour. The algorithm ends by
allocating each colorized node to its own memory space. In
this example, the result shows the same as the static
technique, because there is no non-overlapped node in the
interference graph. If there is no edge between array and i,
they can share the same space on NVM. In this case, step
and size can be assigned to NVM, it can lead to additional
energy saving.

Leakage power
1.284 mW
41.712 mW

compared to the baseline in 16 KB memory size. It can be
seen that increasing the memory size from 16 KB to 32 KB
greatly increases the improvement of energy consumption
Technical Gazette 27, 6(2020), 1946-1955
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results up to 72.3%, 58.1%, and 73.2% in convolution, fir,
and lms respectively. Since the applications in the middle
group use more data than the small group, it was confirmed
that the amount of gain due to the increase in memory
capacity was relatively large compared to the small group.
Increasing the memory size from 32 KB to 64 KB increases
the energy consumption improvement by 21.3%, 39.4%,
and 21.5% in convolution, fir, and lms respectively. There
is no gain when the memory capacity increases from 64 kB
to 128 kB. As confirmed in the small group, all data of the
benchmarks in middle group can be stored in 64 kB, thus,
there is no additional energy saving with 128 kB memory
space. It is noticed that large memory space does not lead
to gain any saving. That is why system architecture should
be optimized for a certain application. This is always true
for small, middle and large size benchmarks.

best results in the benchmarks using a large amount of data
and an optimal size of memory capacity. Specifically, 64
kB memory space is good enough to save energy for the
benchmarks.

Figure 13 Energy consumption results with the static technique from large
benchmarks

Figure 14 Energy consumption results with the dynamic technique

Figure 12 Energy consumption results with the static technique from small and
middle benchmarks

In Fig. 13, the large group includes applications that
deal with a large amount of matrix operations, and they
handle ten times more data than the middle group. In the
case of 16 kB memory, energy consumptions are improved
by 53.1% in matrix1 and 39.7% in matrix2 compared to the
baseline. With 32 kB memory, the energy consumption can
be improved by 68.7% and 55% respectively. In the case
of matrix2, when the memory capacity was increased to 64
KB, an additional improvement of 38.2% was obtained
compared to 32 kB memory, and when the memory
capacity was increased to 128 kB, an additional energy
saving can be obtained by 11.2%. As a result, it was
confirmed that the proposed static technique can obtain the
Tehnički vjesnik 27, 6(2020),1946-1955

Fig. 14 shows the energy consumption result for the
applied proposed dynamic technique compared to the static
technique. By use of the graph colouring technique, the
dynamic technique can take additional energy saving
compared to the static technique from the benchmarks lms,
convolution, and complex_multiply. With 16 kB memory
space, complex_multiply improved the energy
consumption by 69.9% with the static technique and 85.7%
with the dynamic technique. As shown in the figure, the
dynamic technique can take about 16% more energy saving
than the static technique. In the same configuration,
convolution was able to improve about 40% more energy
saving compared to the static technique, and lms was able
to improve about 34% more energy saving than the static
technique. The dynamic technique can improve energy
consumption averagely 30% more than the static
technique.
This result presents the difference of algorithm 2 (the
static technique) and algorithm 3 (the dynamic technique).
The reason is that the dynamic technique can place
multiple pieces of data in the same place over different
time. Thus, it is possible to place more reads to NVM and
more writes to DRAM. As a result, this leads to the more
energy saving results.
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In DSPStone benchmark, there are few variables that
have full edges in the interfere graph for the variables used
in each application. In an interference graph, if two nodes
do not have any edges (their live ranges do not overlap),
they can be placed with the same colour (memory place).
With an interference graph having low edge degree, the
dynamic technique can improve energy consumption more
than 30% compared to the static technique. With an
interference graph having high edge degree, the static
technique is sufficient, since the dynamic technique does
not take any chance to place variables to the same memory
place at different time.
These results show that the proposed techniques can be
used for battery critical applications. In particular, QOS
prediction for mobile edge service [30, 31], human pose
estimation [32, 33], smartphone application [34], machine
learning [35], realtime performance evaluation [36], OS
virtualization [37], public safety/security technique [38,
39]. The proposed techniques are essential components
because low power is critical in those application areas.
5

CONCLUSION

Many studies have proposed techniques to achieve
high performance and energy saving results at low cost. As
prior mentioned, there is always a trade-off in these
problems that cannot meet all requirements. Low cost
conflicts with high performance and high performance
conflicts with low power, ending with either choice. In this
paper, we assume an environment that is operating at
maximum performance with low-cost hardware. This work
proposes two compiler optimization techniques that
allocate data to efficiently use the hybrid multibank
memory composed of non volatile memory and volatile
memory.
The proposed techniques consist of static and dynamic
techniques. In the hybrid multibank memory, the
proposed techniques can achieve energy savings of 50.3%
(with static technique) and 59.5% (with dynamic
technique) compared to monolithic DRAM only memory
bank. In wearable IoT devices, there are tons of data
processing, thus, the proposed techniques can efficiently
support to improve energy consumption and leakage
current. As a future work, it can be evaluated in
performance perspective.
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