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Abstract

This report proposes a methodology to explore the
transfer and storage of both instructions and data in
the memory hierarchy of low energy embedded pro-
cessors. By carefully trading off the energy in both
memory types we are able to minimize the total sys-
tem energy. For this report we have optimized for
one application, a medical imaging application, both
the instruction and data memory side. Results show
a reduction in the total memory energy of 80%.

1 Introduction

Low energy is a key component of embedded pro-
cessors these days. It is shown that when running
embedded applications on such processors a signif-
icant amount of energy is spent in the memories,
both the instruction memories (storing the program
being run) and the data memories (storing the data
being manipulated by the program). For both types
of memory, methods exist that optimize the energy
consumption. (See for example [2, 5] for the data
memories or [3, 1] for the instruction memories.)
These methods, however, have been developed and
deployed mostly independently, and there interfer-
ence has seldom been studied.

For this report we have optimized for one appli-
cation, a medical imaging application, both the in-
struction and data memory side. For the data mem-
ory side we used the DTSE [2] methodology. For the
instruction side, a similar path was followed. The
most important steps are:

1. Platform Independent Part

(a) Apply loop transformations to optimize
the data memory energy.

(b) Apply loop transformations to optimize
the instruction memory energy, but with-

our changing the behaviour of the data
memory.

Results that will be shown for this part, are es-
timated lower bounds.

2. Platform Dependent Part

(a) Choose the optimal data and instruc-
tion memory hierarchy for this appli-
cation and decide what parts of the
data/instructions should be mapped to
what layer in the hierarchy.

(b) Implement the chosen mapping on a real
processor as efficiently as possible.

In the next two sections the result of these two
steps for the cavity detection application will be pre-
sented.

2 Platform Independent Loop
Transformations

2.1 Initial Implementation of the Cav-
ity Detection Algorithm

Originally the Cavity Detection Algorithm was im-
plemented as a chain of independent filters (Fig-
ure 1a). The first filter took the input image and did a
filter operation on the complete image (in this case a
vertical/horizontal Gaussian blur), producing a new
output image. Each of the next filters operated on
the output of the previous filter. Since each time a
new image was produced, and since nor the new nor
the original image fitted in the internal memory of
the processor, all the data memory accesses related
to the image went to the external memory. This had
a huge energy and time penalty, as can be seen in
Figure 2 (initial). Since the code base of each of the
filters was small, the instruction memory energy was
low compared to the data memory energy.
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Figure 1: Structure of the Cavity Detection Algorithm; a) implementation before DTSE; b) implementation

after DTSE
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Figure 2: Instruction and Data Memory Energy for
Optimal Hierarchies; estimates for the versions be-
fore DTSE (initial), after DTSE (dtse), after ITSE
(itse); measured values for the unoptimized (maa)
and optimized (final) mapping on an existing plat-
form

2.2 Data Memory Code Transforma-
tions

DTSE was applied and the filter chain was merged
(Figure 1b) such that each of the filters operated on
only a little part of the image, just enough for the
next filter to start, this way eliminating effectively
all the data accesses to the background memory. En-
ergy reduction on the data side was dramatic (Fig-
ure 2, dtse). On the instruction side, however, this
became worse. Because of the merging, different
small loops with good locality (small working set)
became one big loop. The optimal size of instruc-
tion level 1 memory grew from 64 to 256 bytes. At
the same time extra instructions were added: checks
in the code were needed to make sure that the data
dependencies were still correct, i.e. to make sure the
next filter in the pipeline was not started too early.
The net result was only a slight decrease in total en-

ergy.
2.3 Instruction Memory Code Trans-

formations

After DTSE, several source code transformations
were applied to the cavity detector implementa-

tion to improve instruction memory energy (without
worsening data memory energy). Three ways can be
investigated to reduce energy:

1. Reduce the number of operations. This will not
only reduce the number of access to the instruc-
tion memory but will also reduce the runtime of
the application, which is, in general, very ben-
eficial for energy.

Increase the parallelism. This will both in-
crease performance and reduce the number of
useless NOP-operations.

Increase the locality of the instructions, i.e. re-
duce the size of the loop bodies.

Transformations that were applied are: function in-
lining, loop unrolling and software pipelining, hy-
perblock creation and loop body split. Figure 2 (itse)
shows how these transformations have reduced the
instruction memory energy.

3 Platform Dependent
mizations

Opti-

Since all previous steps were platform independent,
the results that were presented were only lower
bound estimates. In this section we will choose a
real platform and map the application in this plat-
form.

3.1 Platform Exploration and Assign-
ment

To find the best platform, we allow the memory sizes
of our processor to vary according to the template
shown in Figure 3. Next, we find what is the best
instance of this template and the best mapping of
the application on the instance.

To implement the latter, we need to copy the right
parts of the data and instructions in the right memory
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Figure 3: Memory Architecture Design Template

at the right time. If we do this badly, the net result
will be an energy increase instead of decrease (with
respect to the earlier estimates), due to the large
overhead of making the copies (Figure ??, maa) and
the added complexity in the address calculations [4].

3.2 Optimized Implementation

By using hardware helpers, such as DMA con-
trollers and by mapping parts of the data to the reg-
ister file, we can already reduce this part of the over-
head

The other type of overhead is caused by modulo
operations in the address calculations. By round-
ing the buffer sizes to the nearest power of two, the
modulo operation is replaced with a logical and op-
eration. In our case the line buffers of the three fil-
ters was rounded up from 1280 bytes to 2K bytes.
Clearly this imposes a trade-off between the com-
plexity of the indexing and the memory usage. The
impact of this decision depends on the fact that the
buffers still fit in the internal memory of the proces-
sor, or not.

4 Final Result

The final result is an implementation of the cav-
ity detection algorithm that is both optimized for
data and instruction memory energy and can be effi-
ciently implemented on an programmable platform.

For more detailed information see [6].
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