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Abstract—Multicore architectures, especially hardware accel-
erator systems with heterogeneous processing elements, are being
increasingly used due to the increasing processing demand
of modern digital systems. However, data communication in
multicore architectures is one of the main performance bottle-
necks. Therefore, reducing data communication overhead is an
important method to improve the speed-up of such systems. In
this paper, we propose a heuristic-based approach to address the
data communication bottleneck. The proposed approach uses a
detailed quantitative data communication profiling to generate
interconnect designs automatically that are relatively simple, low
overhead and low area solutions. Experimental results show that
we can gain speed-up of 3.05× for the whole application and up
to 7.8× speed-up for accelerator functions in comparison with
software.

Index Terms—hardware accelerator, data communication bot-
tleneck, quantitative profiling, design rules.

I. INTRODUCTION

Multicore architectures are being increasingly used in mod-
ern digital systems. Multicore architectures can be seen as
Multiprocessor System-on-Chip (MPSoC) in which more than
one processing element (PEs) (or called computational cores)
and memory systems are integrated on a single chip. One de-
sign approach for a multicore system is hardware software co-
design (called hardware accelerator system) due to the straight-
forward and easy debugging of software and potential energy
and performance benefits of hardware. In such system, some
application segments execute on software (general purpose
processor) and other segments are synthesized into custom
circuits, so-called hardware accelerators (usually FPGAs).

In these systems, data is usually needed to transfer between
the main memory and the local memories of hardware accel-
erators. In image processing and multimedia systems, which
process large amounts of data, this data communication takes
a large portion of application execution time. Therefore, data
communication usually is a primary anticipated bottleneck
for system performance [1], [2], [3], [4]. Consequently, one
important method to improve the speed-up of such systems is
reducing data communication overhead.

Reducing data communication overhead can be done by in-
creasing communication throughput or decreasing the amount
of data movement from one memory to another memory. Much
research on bus-based architectures as well as Network-on-
Chip-based architectures to improve the throughput of data
communication has been done in recent years such as in
[1], [2], [3], [5], [6]. The second approach is by decreasing
the amount of data movement from one memory to another
by delivering data in-place. The work in [4] proposed the
Remote DMA technique to deliver application data to the exact
memory location.

However, aforementioned proposals use static information
of applications (such as task graphs) to approach the intercon-
nect. In our work, the quantitative data communication profil-
ing is used to approach the optimized interconnect solutions
for the specific application under consideration. The ultimate
goal is to have an automatic design taking runtime communi-
cation pattern into account such that the most appropriate in-
terconnect infrastructure is available. This paper is the first step
using a rule-based approach to have an appropriate application
specific interconnect infrastructure. In this work, we use two
techniques to reduce data communication overhead: 1) Using
shared hardware accelerator local memory to eliminate the
data movement between the local memories; and 2) Using
pipelining data communication to parallelize the execution of
hardware accelerator functions and the data communication to
hide the data communication overhead.

The main contributions of this paper can be summarized as
follows: 1) the utilization of quantitative data communication
profiling to address the data communication bottleneck in
hardware accelerator systems; 2) the introduction of a rule-
based and detailed profiling driven interconnect design with
an emphasis on runtime management; 3) the presentation of
experimental results on five different applications on a real
FPGA platform.

The rest of the paper is organized as follows. Section II
briefly describes the research context of the work presented
in this paper. Section III presents in details our approaches
to reducing data communication overhead. Section IV shows
our design strategies for a specific application using profiling
information. Subsequently, a case study of image processing
application is illustrated in Section V. We discuss our exper-
imental results in Section VI. Finally, Section VII concludes
the paper and presents the future work.

II. RESEARCH CONTEXT

A. The Molen architecture
The Molen architecture [7] (depicted in Figure 1), is a

heterogeneous, shared memory multicore system for soft-
ware/hardware co-design. The Molen architecture consists of
two types of PE: one General Purpose Processor (GPP)
and one or more Reconfigurable Processor(s), called Custom
Computing Unit(s) (CCUs). GPP uses an Auxiliary Proces-
sor Unit (APU) to control the execution of CCUs. Each
CCU has each local memory (CCUMem) to store the data.
CCU exchanges parameters with GPP via exchange registers
(CCUXreg). CCUs are usually implemented on a reconfig-
urable area such as an FPGA for accelerating some functions
which cannot be implemented or compatible with the GPP.
The main application is executed on GPP. The main advantage
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of the Molen architecture is that it can be ported to various
reconfigurable platforms easily. We use the Molen architecture,
whose current version on Xilinx virtex 5 FPGA can support
a maximum of five accelerator functions (due to the available
reconfigurable area), to conduct our experiment.
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Interrupt I/O

...
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Fig. 1. The Molen architecture

B. Profiling tools
The QUAD toolset [8] provides a comprehensive overview

of the data communication behavior of an application. QUAD
measures the actual data transferred between producer function
and consumer function. The exact amount of byte transfers and
the number of Unique Memory Addresses (UMAs) used in the
transfer process are also measured. The output of QUAD is a
Quantitative Data Usage (QDU) graph in which the amount
of data transfer among functions is shown. Based on this
measurement, we can recognize which data communication
should be and can be optimized for achieving speed-up.

III. COMMUNICATION ACCELERATION SOLUTIONS

A. Definitions and assumptions
Before presenting possible solutions for communication ac-

celeration, we need to define some equations used to estimate
the quality of the solutions. The following vocabulary is used:

• Hardware accelerator function is defined by Func-
tion(H,Di, Do); where H is the computation time of the
hardware accelerator only, Di and Do is the total amount
of data input and output in bytes.

• Data communication between two functions is defined
by Cij(Fi, Fj , Dij); where Fi and Fj are the producer
and the consumer function, respectively, and Dij is the
total amount of data in bytes transferred from Fi to Fj .

• The average time taken by the GPP or the DMA for
transferring 1 byte between the main memory and a hard-
ware accelerator local memory is tg or td, respectively.
These values are platform dependent, however td < tg .

Hardware accelerator systems, such as Molen, LegUp [9],
usually use the heterogeneous memory system where the GPP
has the main memory and the hardware accelerators have
their local memories. In our discussion, we assume that while
the GPP can access the main memory as well as the local
memories of hardware accelerators, hardware accelerators can
access their own memories only.

B. Shared hardware accelerator local memory
Consider two hardware accelerators HW1(H1, D1i, D1o)

and HW2(H2, D2i, D2o) and the data communication
C12(HW1, HW2, D12). In typical data communication, the
GPP copies data from the main memory to the local memory
of HW1 first. It then copies the result of HW1 to the main
memory when HW1 is finished. Because HW2 requires an

amount D12 of data from HW1, the GPP has to copy D12

bytes of the result of HW1 and other required data from
the main memory to the local memory of HW2. The total
execution time for HW1 and HW2 is as in Equation 1.

T = H1 +H2 + (D1i +D1o +D2i +D2o)tg (1)
Assume that HW2 requires data from two sources: (1) D12

bytes from HW1, and (2) Dn = D2i − D12 bytes from the
main memory (produced by other functions). The GPP can
copy Dn bytes of data input from the main memory to the
local memory of HW2 in parallel with the execution of HW1.
Then DMA is used to transfer the D12 bytes of data from the
local memory of HW1 to the local memory of HW2. The
part of the result of HW1 used by other functions rather than
HW2 is copied back to the main memory in parallel with
the execution of HW2. The total execution time of the two
hardware accelerators is as in Equation 2.

Tdma = H1 +H2 + (D1i +D2o)tg +D12td (2)
Using DMA not only has a hardware overhead but also does

not hide all data communication time for the two hardware
accelerators. In this work, we propose to use a crossbar
between hardware accelerators communicating together and
their local memories. Figure 2a illustrates a simple system
with the two hardware accelerators HW1 and HW2 sharing
their local memories using a crossbar based on the Molen
architecture. Figure 2b depicts the detailed structure of the
crossbar for the Molen hardware accelerator functions.

TABLE I: Execution time and data communication time of hardware accelerator functions

Function Computation Data Communication Comm./Comp. Hardware time Software time
hw derrivative x y 154,488 (0.386ms) 665,542 (1.664ms) 4.31× 820,707 (2.052ms) 448,589 (1.121ms)
hw magnitude x y 575,038 (1.438ms) 519,267 (1.298ms) 0.9× 1,094,054 (2.735ms) 1,161,013 (2.903ms)
hw non max supp 545,307 (1.363ms) 538,998 (1.347ms) 0.99× 1,084,305 (2.711ms) 2,623,014 (6.558ms)
hw gaussian smooth 5,799,768 (14,45ms) 344,942 (0.862ms) 0.05× 6,144,795 (15.36ms) 12,496,170 (31.24ms)

III. COMMUNICATION ACCELERATION SOLUTIONS

A. Definitions

Before presenting possible solutions for communication ac-
celeration, we need to define some equations used to estimate
the quality of the solutions. The following vocabulary is used:

• Hardware accelerator function: A hardware accelerator
function is defined by Function(H,Di, Do); where H
is the execution time of the hardware accelerator only
(without data communication overhead), Di and Do is
the total amount of data input and output in bytes.

• Data communication: A communication between two
functions is defined by Cij(Fi, Fj , Dij); where Fi and Fj

are the producer and the consumer function, respectively,
and Dij is the total amount of data in bytes transferred
from Fi to Fj . The function Fi and Fj can be accelerated
on hardware as well as run on the GPP.

• The average time taken by the GPP for transferring 1
byte from the main memory to a hardware accelerator
local memory or vice versa is tg , and the average time
for transferring 1 byte from a hardware accelerator local
memory to another one by DMA is td. These values are
platform dependent, however td < tg .

B. Shared hardware accelerator local memory

From a multicore architecture viewpoint, there are two types
of memory systems: shared memory and distributed local
memory. In shared memory multicore systems, all PEs share
the same memory resource; therefore, any change made by
one PE is visible for all other PEs in the system. In distributed
memory systems, each PE has its own local memory resource;
therefore, one PE cannot directly read the local memory of
another PE. Some systems have hybrid memory architecture
of both shared and distributed memory. This type of memory
architecture is referred as a heterogeneous memory hierarchy.

Hardware accelerator systems usually use the heterogeneous
memory system, such as Molen, LegUp [11]. In our discus-
sion, we assume that while the GPP can access the main
memory as well as the local memory of hardware accelerators,
each hardware accelerator has its own local memory (usally
BRAM); and hardware accelerators can access their own
memories only.

Consider two hardware accelerators HW1(H1, D1i, D1o)
and HW2(H2, D2i, D2o) which communicate together with
the data communication C12(HW1, HW2, D12). In typical
data communication, the GPP copies data from the main
memory to the local memory of HW1 first. It then copies the
result of HW1 to the main memory when HW1 is finished.
Because HW2 requires an amount D12 of data from HW1, the
GPP has to copy D12 bytes of the result of HW1 and other
required data from the main memory to the local memory
of HW2. Figure 2a shows the sequence diagram of this
communication process. The total execution time for HW1

and HW2 is as in Equation 1.

T = H1 +H2 + (D1i +D1o +D2i +D2o)tg (1)

While the hardware accelerator is processing, the GPP is
usually set into a waiting state. Therefore, one method can be
used to reduce the data communication overhead in the case
of two hardware accelerators communicating is to parallelize
the data communication and the execution of hardware accel-
erators. Assume that HW2 requires data from two sources:
(1) D12 bytes from HW1, and (2) Dn = D2i − D12 bytes
from the main memory (produced by other functions). The
Dn bytes of data input can be copied from the main memory
to the local memory of HW2 in parallel with the execution of
HW1. Then DMA is used to transfer the D12 bytes of data
from the local memory of HW1 to the local memory of HW2.
The part of the result of HW1 used by other functions rather
than HW2 is copied back to the main memory in parallel with
the execution of HW2. Figure 2b depicts the sequence diagram
for this data communication method. The total execution time
of the two hardware accelerators is as in Equation 2.

Tdma = H1 +H2 + (D1i +D2o)tg +D12td (2)

Using DMA not only has a hardware overhead but also does
not hide all data communication time for the two hardware
accelerators. In this work, we propose to use a crossbar
between hardware accelerators communicating together and
their local memories. Figure 3a illustrates a simple system
with the two hardware accelerators HW1 and HW2 sharing
their local memories using a crossbar based on the Molen
architecture. Figure 3b depicts the detailed structure of the
crossbar for the Molen hardware accelerator functions.
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Fig. 3: Shared hardware accelerator local memory

With the crossbar between the two hardware accelerators,
HW1 can access not only its own local memory but also the
local memory of HW2 and vice versa. Therefore, neither GPP
nor DMA is needed for data communication between them.
Figure 2c presents the sequence diagram for the processing of
HW1 and HW2 using the crossbar. The total execution time

Fig. 2. Shared hardware accelerator local memory

With the crossbar between the two hardware accelerators,
HW1 can access not only its own local memory but also the
local memory of HW2 and vice versa. Therefore, neither GPP
nor DMA is needed for data communication between them.
The total execution time for the two hardware accelerators is
as in Equation 3.

Tcrossbar = H1 +H2 + (D1i +D2o)tg (3)
Using the crossbar, we can reduce the time ∆ = T −

Tcrossbar = (D1o + D2i)tg in comparison with the typical
data communication model. In addition, the hardware overhead
of our crossbar is less than the DMA in our target hardware
system (see Table I). Using the data communication profiling
from QUAD, we can decide which hardware accelerators
should share their local memories.

C. Pipelining data communication
The previous section shows how a crossbar reduces the

communication time between the two hardware accelerators.



This section presents a pipeline data communication solution
to hide the data communication overhead. In some specific
applications, especially in multimedia application such as
image or video processing, data can be processed as streaming
input. Using this concept, we can reduce data communication
time by segmenting the input data and running the hardware
accelerator on each data segment independently.

Consider again two hardware accelerator functions HW1

and HW2. Assume that these functions can process segments
of input data that can be used to synthesized the final result.
Because the two hardware accelerators can process segments
of input data, HW1 can start as soon as the first input data
segment is copied.

Assume that we divide the input data for HW1 into two
different segments S1 and S2. The processing of GPP and
the two hardware accelerators follows the pseudo code in
Algorithm 1.

Algorithm 1 Pipelining data communication
1: GPP copies S1 from the main memory to HW1 local

memory;
2: HW1 processes S1 while GPP copies S2 from the main

memory to HW1 local memory in parallel;
3: DMA transfers result of S1 from HW1 to HW2 local

memory;
4: HW1 processes S2 while HW2 processes the first segment

in parallel;
5: DMA transfers result of S2 from HW1 to HW2 local

memory;
6: HW2 processes the second segment while GPP copies

final result of the first segment from HW2 local memory
to the main memory in parallel;

7: GPP copies final result of the second segment from HW2

local memory to the main memory;

The total execution time of the two hardware accelerators
in this case is as in Equation 4.

Tp =
H1

2
+max(

H1

2
,
H2

2
)+

H2

2
+(

D1i

2
+
D2o

2
)tg+D12td+O

(4)where O is the overhead for processing streaming input.
If O + D12td < min(H1

2 ,
H2

2 ) + (D1i

2 + D2o

2 )tg , we have
Tp < Tcrossbar. The pipelining data communication should be
applied for the two hardware accelerators rather than shared
local memory.

IV. DATA COMMUNICATION PROFILING DRIVEN DESIGN
STRATEGIES

In this section, we introduce strategies to design an
application-specific system using the above mentioned hard-
ware techniques. To decide which techniques should be ap-
plied in a system for a specific application, we propose four
design rules (heuristics). These rules identify the most optimal
hardware data communication solution based on the data
communication profiling provided by the QUAD tool.

In the previous section, we introduce two different hardware
techniques for increasing the speed-up of hardware accelerator
functions, those are shared local memories of hardware accel-
erators using crossbar and pipelining the data communication.
In addition, hardware duplication of the most time-consuming

function can also be used to improve performance of the
system.

In order to choose which techniques should be used for a
specific application, we propose four decision rules to identify
the most optimal solution. Based on these rules, Algorithm 2
builds a hardware accelerator system for the specific applica-
tion with the most optimized interconnect.

Algorithm 2 Data communication profiling-driven design
Input: Hardware accelerators execution time, Data communi-
cation profiling
Output: A hardware accelerator system with the most opti-
mized interconnect

1: Check Rule 1 for the most computationally-intensive HW
accelerator;

2: for each data communication between accelerators do
3: Check Rule 2, Rule 3 and Rule 4;
4: end for
5: return A hardware accelerator system with the most

optimized interconnect

Rule 1. Hardware duplication
Assume that the most computationally-intensive hardware

accelerator F1(H1, D1i, D1o) can be executed in parallel with
different data input segments with the overhead O. The
execution time of F1 in the non-optimized case is as follows

T = H1 + (D1i +D1o)tg (5)
Assume that H2 is the execution time of the second most

computationally-intensive hardware accelerator. The hardware
accelerator of the most computationally-intensive function is
duplicated twice if H1 >= 2H2 and O < H1

2 ; and DMA is
used to transfer data between the two duplicated hardware
accelerators with other hardware accelerators.

In this case, the total execution time of F1 is as in Equation
6, where Ddma is the total amount of data transfer from the
duplicated hardware accelerators to other hardware accelera-
tors using DMA.

T1 =
H1

2
+ (D1i +D1o −Ddma)tg +Ddmatd +O (6)

Rule 2. Pipelining data communication application
Consider two hardware accelerator functions

F1(H1, D1i, D1o) and F2(H2, D2i, D2o) communicating
together with the communication C12(F1, F2, D12), assume
that they can be executed in parallel with streaming data
input with the overhead O:

The pipelining to data communication is applied if O +
D12td < min(H1

2 ,
H2

2 )+(D1i

2 + D2o

2 )tg; otherwise the shared
local memory is applied.

Rule 3. Shared local memory application
Consider two hardware accelerator functions

F1(H1, D1i, D1o) and F2(H2, D2i, D2o) communicating
together with the communication C12(F1, F2, D12):

The shared local memory is applied if the two hardware
accelerators cannot be executed in parallel.

In the case that the two hardware accelerators can be
executed in parallel with the overhead O. The shared local
memory is also applied if O+D12td > min(H1

2 ,
H2

2 )+(D1i

2 +
D2o

2 )tg .



Rule 4. 3-function communication
Consider three hardware accelerator functions

F1(H1, D1i, D1o), F2(H2, D2i, D2o) and F3(H3, D3i, D3o)
which have the communication topology as depicted in Figure
3. The communication among these functions is as follows:
C12(F1, F2, D12), C13(F1, F3, D13) and C23(F2, F3, D23).

F1

F3

F2

D
12
D
12

D
23

D
13

Fig. 3. 3-function communication
The total execution time of these hardware accelerator

functions in non-optimized case is:

T = H1 +H2 +H3 + (

3∑
j=1

(Dji +Djo))tg (7)

1) If D12 > D23, the crossbar is used between F1 and F2;
and DMA is used to transfer data from F2 to F3 right
after F2 is finished as well as from F1 to F3 in parallel
with the execution of F2. The total execution time is:

T
(1)
4 = H1 +H2 +H3 +D1itg +D23td +D3otg (8)

2) Otherwise, the crossbar is used between F2 and F3; and
DMA is used to transfer data from F1 to F2 as well as
from F1 to F3 in parallel with the execution of F2. The
total execution time is:

T
(2)
4 = H1 +H2 +H3 +D1itg +D12td +D3otg (9)

In this case, we have T (1)
4 < T and T (2)

4 < T . The reduction
in time is δ = (D1o+D2i+D2o+D3i)tg−min(D12, D23)td.

V. CASE STUDY

The previous sections presented the hardware techniques
and the design rules using data communication profiling
provided by QUAD to obtain the most optimized interconnect
solution for each application. In this section, we present a case
study to clarify the introduced techniques as well as design
rules.

Our case study uses the Canny edge detection application.
The Canny application [10] is a well-known edge detection
algorithm. In this work, we use the implementation version
provided by the University of South Florida [11]. A grayscale
PGM image with resolution 100× 133 pixels with 8 bits per
pixel is used in the experiment. The most time-consuming
functions in the specific application are targeted for hardware
accelerators and inputted to the DWARV tool [12] to generate
VHDL description. The next step is to use QUAD tool to
generate a QDU (Quantitative Data Usage) graph as presented
in details in Section II-B. Figure 4 presents the QDU graph
generated profiling tools for the Canny application.

The information from gprof tool [13] shows that func-
tions gaussian smooth, derrivative x y, magnitude x y and
non max supp take the most percentage of the execution
time. Therefore, they are targeted to accelerate on hard-
ware. The name of hardware accelerator functions has added
prefix “hw ” for distinguishing from software functions.
The most computationally-intensive function gaussian smooth
takes around 5× longer than the second computationally-
intensive function. The overhead for hardware duplication
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Fig. 4. Profiling graphs for the Canny edge detection application

for this function also satisfies the requirement in Rule 1.
Hence, Rule 1 is applied to this hardware accelerator. The
communication among hw derrivativ x y, hw magnitude x y
and non max supp functions is investigated next. Two func-
tions derrivativ x y and magnitude x y satisfies the require-
ment in Rule 2. Hence, Rule 2 is true. The pipelining data
communication technique is used to parallelize the execu-
tion of hw derrivative x y and hw magnitude x y. Conse-
quently, Rule 3 is applied for the data communication between
hw magnitude x y and hw non max supp hardware acceler-
ators. The crossbar is used to share the local memories of the
two hardware accelerators.

The final version of the hardware accelerator system based
on the Molen architecture using presented hardware techniques
and proposed design rules for Canny application is shown in
Figure 5.
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Fig. 5. Final system for our case study based on Molen architecture and
proposed design rules

TABLE I
RESOURCE USAGE AND MAXIMUM FREQUENCY OF HARDWARE MODULES

HW Module Resource (# of LUTs) Max. frequency
Crossbar 201 N/A
DMA 556 252.717MHz
hw derrivative x y 1463 317.269MHz
hw magnitude x y 971 388.342MHz
hw gaussian smooth 1938 264.460MHz
hw non max supp 4959 313.908MHz

Table I summarizes the hardware size and maximum fre-
quency of our CCUs as well as our crossbar. The target
hardware system in our case study is Xilinx FPGA ML510
board [14] containing a Xilinx Virtex 5 FPGA xc5vf130t. The
PowerPC 440, used as the GPP, and the CCUs are set up to



TABLE II
EXECUTION TIMES OF ACCELERATED FUNCTIONS AND SPEED-UP

Scenario Execution time Resource Speed-up
Software 16,723,007 (41.81ms) N/A N/A
Standard Molen 9,033,618 (22.58ms) 9331 LUTs 1.85×
Molen with rules 4,405,894 (11.02ms) 12026 LUTs 3.79×

400MHz and 100MHz, respectively. Table II summarizes the
total software times, the total hardware times and the speed-up
of the accelerated functions. Row 1 shows the total software
times of the functions accelerated on hardware; Row 2 and
Row 3 shows the hardware times of the accelerated functions
without and with applying our design rules, respectively.

The maximum speed-up for hardware accelerator functions
is up to 3.79× when the proposed design rule is applied. The
overall application speed-up we can gain is 3.05×.

VI. EXPERIMENTAL RESULTS

Following the approach presented in the Canny case study,
we implemented four more applications. The first two are
from the same image processing domain as Canny and are the
Susan edge detector, with an implementation version of Oxford
University [15], and KLT feature tracker [16]. The two other
applications are Fluid simulation [17] and Blowfish application
(a symmetric block cipher) from the CHStone benchmark [18].
Table III present the speed-up and the resource usage for the
hardware accelerators and interconnect. Column 2 in the table
shows the hardware techniques used for each application based
on the design rules.

TABLE III
SPEED-UP AND RESOURCE USAGE FOR HARDWARE ACCELERATORS AND

INTERCONNECT

Application (#
accelerator)

HW techniques Resource (#
LUTs)

Speed-up

Susan (3) DMA, Crossbar 21504 2.55×
KLT (3) Crossbar, Duplication 6553 7.8×
Fluid (2) Crossbar 12569 1.95×
Blowfish (2) Crossbar 16444 3.02×

The numbers in the table are generated as follows. We
first run the applications on the PowerPC to obtain a refer-
ence execution time. Then we run the applications with the
hardware techniques described earlier in this paper. As shown
in Table III, the speed-up of the hardware accelerators is up
to 7.8×. Figure 6 shows the comparison of the speed-up of
the Molen system with and without using the design rules to
choose the most optimal interconnect. As shown in this figure,
hardware accelerators which apply the data communication
profiling driven communication acceleration solutions provide
up to 2× execution time improvement in comparison with the
accelerators that do not apply the data communication driven
communication acceleration solutions.

VII. CONCLUSION & FUTURE WORK

In this paper, we used quantitative data communication
profiling information to build up an optimized data commu-
nication infrastructure for specific application. We proposed
profiling driven design rules based on two data communica-
tion acceleration techniques: 1) shared hardware accelerator
local memory, and 2) pipelining data communication. These
rules allow for runtime hardware accelerator interconnect
management which enables selecting the best communication
infrastructure available rather than having a fixed one.
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Fig. 6. Speed-up of Molen with and without using design rules

Experimental results show that the speed-up of hardware
accelerated functions can go up to 7.8× in comparison with
their execution time on PowerPC. The overall application
speedup is up to 3.05×. Our experimental results show that
our rule-based approach can gain speed-up by a factor of 2 in
comparison with typical data communication approaches.

In the future, we plan to include different memory hierar-
chies for validating the approach developed in this paper. In
addition, other data communication mechanisms, such as NoC,
are also considered.
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