
SAMOSA: Scratchpad Aware Mapping Of
Streaming Applications

Zubair Wadood Bhatti,
Davy Preuveneers and Yolande Berbers

DistriNet, K.U.Leuven, Belgium
{zubairwadood.bhatti, davy.preuveneers,

yolande.berbers}@cs.kuleuven.be

Narasinga Rao Miniskar and Roel Wuyts
IMEC, Belgium

{miniskar, wuytsr}@imec.be

Abstract—Scratchpad memories have now emerged as an
alternative to caches for energy constrained embedded systems.
However, effectively mapping data on them while considering en-
ergy/timing trade-offs remains a challenge. We present SAMOSA
as a technique for mapping streaming applications to scratchpad
based MPSoCs. The contribution of this approach is a repre-
sentation and transformation of the mapping problems − buffer
dimensioning and allocation − to a constraint-based optimization
problem. SAMOSA was used to explore energy-execution time
trade-offs for mapping the H.264 decoder to a scratchpad-based
MPSoC. Results show that scratchpad awareness has significant
impacts on the energy-execution time trade-offs.

I. INTRODUCTION

With the recent widespread availability of mobile broadband
internet and multi-core computing resources on hand held
computers, the use of such devices for data intensive appli-
cations, such as multimedia is increasing. However, battery
time remains a great concern for such devices. Viredaz et
al. show in [26] that multimedia applications are one of the
most power hungry activities on a mobile device and that the
energy consumption of the memory sub-system for multimedia
applications is significant. In this paper we focus on reducing
the energy consumption of multimedia applications on such
devices through better memory management.

In [2], the authors show that scratchpad memories (SPM)
consume on average 40% less energy and 46% less area-time
when compared to caches of the same capacity. Moreover, they
provide much better timing predictability than caches. There-
fore, SPMs are now included in many modern day embedded
platforms such as ARM 10E, IBM Cell BE, GeForce GTX
and Texas Instruments TMS370CX7X. Unlike caches that are
managed by hardware and that select their contents on the
principle of spatio-temporal locality, in SPM based systems
the software is responsible for the allocation to scratchpads.
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Fig. 1. Synchronous Dataflow Graph for H.264 decoder

One particular application domain that can benefit from
scratchpad memories are data intensive streaming applications,
such as multimedia players. These applications are often
modeled with Synchronous Dataflow Graphs (SDFG) [17] as
shown in Fig. 1. In an SDFG, actors communicate with each
other by passing tokens over the logical links called channels.
These logical channels need to mapped in the memories as
FIFO buffers. Being a simple model of computation, SDFGs
are easy to parallelize, schedule and analyze for timing and
resource requirements. OpenDF [5] and StreamIt [24] are ex-
amples of stream programming languages whose programming
models resemble SDFG.
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Fig. 2. Trade-offs in buffer dimensioning

Mapping applications described as synchronous dataflow
graphs to scratchpad-based MPSoCs raises two important
challenges, i.e. buffer dimensioning and scratchpad allocation:
• Buffer dimensioning is defined as, deciding the sizes of

the different buffers between actors over intervals of time.
Fig. 2 highlights some trade-offs in buffer dimensioning
for a scratchpad based system.

– From a scheduling perspective, a larger buffer pro-
vides better decoupling between a pair of actors.
Better decoupling provides the freedom to construct
schedules with fewer context switches and/or with
more parallelism as shown in Fig. 3.

– For a scratchpad based MPSoC, the execution time
and energy consumption of an actor depends on
the memory its reads and writes are addressed to.
Therefore it is sometimes desirable to have smaller



buffers, so that they could fit in the scratchpad.
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Fig. 3. Context switches and parallelism

• Scratchpad allocation is defined as, deciding which
buffers are mapped onto the scratchpad memory and over
what period of time.

– Data access density of a buffer is the number of
accesses made to the data in the buffer during a
firing of an actor divided by the amount of data
moved to/from the buffer. In uniprocessor system
with only one execution path, allocating buffers with
the highest access density to the scratchpad improves
both the energy efficiency and the execution time of
the application.

– In a multiprocessor system, however, there are sev-
eral execution paths of different lengths due to the
way the application is scheduled on the different pro-
cessors. In order to meet a given real-time deadline,
it is sometimes necessary to allocate the buffers with
lesser data access densities in the longest execution
path to the faster scratchpad (as shown in Fig. 4) to
reduce the length of the longest execution path.
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Fig. 4. Trade-offs with scratchpad allocations

The two decisions are interdependent. Moreover, our results
show that both these decisions can have significant impact
on the timing and energy aspects of system performance.
SAMOSA is an technique for mapping SDFGs to scratchpad
based MPSoCs. Actors are scheduled over processors and
tokens are mapped onto memories. The trade-off between
execution time (or throughput) and energy is explored. The
buffer dimensioning in SAMOSA is scratchpad aware and the
buffer sizes are allowed to vary over time. The scratchpad

allocation in SAMOSA implicitly takes into account access
densities to buffers and the lengths of the different execution
paths on a multiprocessor system.

The proposed technique was used to find the energy-
throughput trade-offs for the H.264 decoder (shown in Fig.
1) to a scratchpad-based MPSoC. The platform is similar to
TI OMAP, with two StrongARM processors, a TI C64X+
processor, a scratchpad memory and a main memory. We
observed that scratchpad sizes strongly influence the energy-
throughput trade-off and that letting buffer sizes be functions
of time produced mappings that were significantly more en-
ergy efficient when compared to fixed buffer sizes.

The paper is organized as follows. Section II gives an
overview of the SAMOSA methodology. Section III explains
the formats of the application model and platform model
required as inputs for SAMOSA. Section IV explains how
the application model is transformed to a model that is easier
to schedule. Section V presents the constraint programming
model for exploration and discusses the variables, constraints
and the objective function. Section VI presents the results of
our SAMOSA technique on the H.264 decoder. Section VII
discusses related work in the domains of buffer dimensioning
and scratchpad allocation. Finally, section VIII discusses the
conclusion and future work.

II. OVERVIEW OF SAMOSA

SAMOSA explores schedules of tasks over multiple pro-
cessors and schedules of data buffers in different types of
memories. Buffer sizes are explored as a property of the task
schedules, whereas scratchpad allocations are explored as a
property of the schedules of data buffers in the memories. The
objective of SAMOSA is to find schedules and scratchpad al-
locations such that the energy consumption is minimized while
meeting the quality of service (timing/througput) requirements.
All aspects of the problem, including context switches, par-
allelism and data access densities, are transformed into the
domain of energy consumption and execution time of task
schedules and memory allocations. SAMOSA combines off-
line compiled structural information about the application with
dynamically profiled information of non-functional properties
such as execution time and energy consumption to carry out
this multi-objective optimization.

Fig. 5 presents an overview of SAMOSA. We start with
an SDFG model of the application. Each actor of the SDFG
is profiled for energy consumption and execution time on
the different processors in the platform, with all possible
memory mappings of its inputs and outputs. This profiling
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Fig. 5. Overview of SAMOSA



information is annotated on the SDFG to get an Annotated
Synchronous Dataflow Graphs (ASDFG). In order to simplify
the scheduling, we limit the concurrency of the ASDFG by
unfolding it into a Directed Acyclic Taskgraph (DAG), as
shown in Fig. 6. This DAG is then used for exploring the
required schedules.

The scheduling exploration is realized with IBM ILOG
where the mapping is modeled as a constraint based scheduling
problem in Optimization Programming Language (OPL) [15].
The execution schematics of the DAG, along with the platform
resources (processing, memory) are modeled as constraints.
The solver is then asked to find a minimum energy schedule
for a given deadline. A set of schedules that give a trade-off
between energy and execution time is found by repeating the
procedure for the different deadlines.

III. PLATFORM & APPLICATION MODELS

This section describes the models for the application and
the platform that are used as an input for SAMOSA.

A. Platform Model
Most of the information about the platform required is

extracted through detailed profiling of the application on the
platform. A platform is described as a tuple (Processors,
Memories), where Processors and Memories represent the sets
of processors and memories in the platform. A processor is de-
fined as a tupple (ProcessorID, CtxSwthTime, CtxSwthEnergy),
where ProcessorID is a unique number for every processor,
CtxSwthTime and CtxSwthEnergy are the time and energy
consumed during a context switch. A context switch includes
the loading and the initialization of the actor code before it can
start processing data. A memory is defined as a tuple (MemID,
Size), where MemID is a unique identifier for every memory
and Size is the size of the memory. The energy values and
execution time of the context switch include those spent in the
memories and interconnect along with those of the processor.

B. Application Model
An Annotated Synchronous Dataflow Graph (ASDFG) is a

Synchronous Dataflow Graph annotated with profiling infor-
mation. The ASDFG is described as a tuple (A,C), where A
is the set of Actors and C is the set of Channels.

1) Actors: An Actor is assumed to be a deterministic piece
of code. In each execution instance it consumes a fixed amount
of data from each of its input channels and produces a fixed
amount of data on its outputs. The execution time and energy
consumption of the actor depends only on the type of processor
it is executed on and the memories where its input/output
is mapped onto. In case when these properties also depend
on the input data, worst case assumptions are taken. The
actors themselves are stateless. Any required state is explicitly
represented as a self loop channel. Actors are described as
a tuple (ActorID, Ports, Modes), where ActorID is a unique
number for every actor. Ports is the set of all input and output
ports of the actor. Modes is the set of all possible execution
configurations for the actor, i.e. one configuration for each
possible combination of processors and memories.

2) Modes: A mode is a configuration in which an actor
can execute. Consider the application and the platform shown
in Fig. 4; the actor P2 can be executed on either of the two
processors. It has two ports each of which can be mapped
to read/write the data either from/to the main memory or the
scratchpad. Therefore, the actor P2 has eight modes. A mode
describes the execution configuration as a tuple (ModeID,
ProcessorID, PortMemIDs, ExecTime, Energy), where ModeID
is a unique number for every mode. ProcessorID identifies the
processor used in this configuration. PortMemIDs is the set of
MemID that identifies the memories used for each port, i.e. one
MemID for each port. ExecTime and Energy are the execution
time and energy consumed if the actor is executed in the given
mode. These energy and execution time values are obtained
through profiling and include the time and energy spent in the
processors, memories and interconnect.

3) Channels: A channel is defined as (ChID, Source, Sink,
InRate, OutRate), where ChID is a unique identifier for each
channel. Source and Sinks are ActorIDs of the source and sink
actors connected to the channel. InRate and OutRate are the
amounts of data produced or consumed by the source and sink
actors respectively, each time they execute.

IV. MODEL TRANSFORMATION

A Synchronous Data Flow Graph is an auto-concurrent
model of computation where parallelism is implicit. In order
to derive an optimal schedule on a multiprocessor, all pos-
sible combinations of the different instances of actors need
to be considered which is often not possible. A common
approach is to first construct a Directed Acyclic Graph (DAG)
where parallelism is explicit [21]. Fig. 6 illustrates the model
transformation of a synthetic SDFG. In order to construct
a DAG from an SDFG, a periodically admissible sequential
schedule (PASS) needs to be computed first. To compute
a PASS balance equations for each channel are formulated
and an integral vector is found that solves the system of
equations. The PASS is then unfolded by an ‘unroll factor’
and dependencies are added between all the different instances
of the actors [14]. The ‘unroll factor’ depends on the target
platform and can be specified by the developer. A DAG is
defined as (T,E) where, T is a set of Tasks and E is a set of
Edges.

a) Tasks: Tasks are instances of SDFG actors. Therefore
they have all of the same properties and modes as the SDFG
actor they belong to. It should be noted that if the tasks
belonging to the same actor are executed one after another
on the same processor, there is no context switch because
the same actor is fired multiple times. Tasks are defined as
(TaskID, ActorID, Ports, Modes).

b) Edges: Edges are data transfers between the tasks. An
edge is defined as (EdgeID, Source, Sink, Size). It is possible
that several edges in the DAG belong to the same channel in
the SDFG. The Size of an edge is the greatest common divisor
of InRate and OutRate of the SDFG channel it belongs to. The
question of time dependant buffer sizes is now transformed
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Fig. 6. Model Transformation

into the question of the number of live edges in the DAG and
their fixed sizes.

V. SCHEDULING EXPLORATION

This section describes the scheduling exploration in
SAMOSA. In [7], the authors show that scheduling a DAG
onto multiple processors is an NP-Complete problem. In order
to find a schedule for tasks on the processors and a schedule
for the edges on the memories, we formulate the problem
as a constraint based scheduling problem and solve it with a
constraint solver [15]. In this section we describe the solution
space, the constraints and the minimization objective of the
problem.

A. Solution Space

We have two types of activities in our problem: tasks and
edges. These activities use four types of resources: processors,
memories, time and energy. The usage of these resources by
the activities form the two schedules that define the solution.

The resources in our system are classified into two types;
Renewable and Nonrenewable. Renewable resources are re-
sources that can be returned to the system once a task is
finished, such as processors and memories. The nonrenewable
resources are permanently consumed, such as energy and time.
We model usage of nonrenewable resources with the variables
of types Interval and Sequence. The usage of renewable
resources are represented as Cumulative functions.

1) Intervals: An Interval variable a has a start s(a) and
an end e(a) when it is present; these variables can also be
declared as ‘optional’ in which case they can also be absent
⊥ i.e. they don’t have a start or end. The domain of a is
dom(a): The size of interval a is IntervalSize(a):

IntervalSize(a) = e(a)− s(a)

.

a) TaskTime: is an array of intervals (one for each task)
that represent the time slot occupied by each task. These are
not optional intervals. Therefore each task must be allocated
at least one time slot. The size of this interval is not fixed and
depends on the selected mode. TaskT ime[T ] represents the
interval that belongs to the task T .

b) TaskModeTime: is a array of optional intervals in
time (one for each mode of every task). TaskModeT ime[M ]
represents the time interval that belongs to the mode M . If
the mode M is selected:

Size(TaskModeT ime[M ]) =M.ExecT ime

The dot operator ‘.’ is used to represent tuple components.
M.ExecTime is the task execution time under mode M . If the
mode M is not selected:

TaskModeT ime[M ] = {⊥}

c) TaskModeEnergy: is an array of optional inter-
vals in energy (one for each mode of every task).
TaskModeEnergy[M ] represents the energy interval that
belongs to the mode M . If the mode M is selected:

Size(TaskModeEnergy[M ]) =M.Energy

where M.Energy is the energy consumption under mode M .
If the mode M is not selected:

TaskModeEnergy[M ] = {⊥}

d) EdgeTime: is an array of intervals that represents the
lifetimes of the edges. EdgeT ime[E] represents the lifetime
of the edge E.

e) EdgeMode: is a two dimensional matrix of optional
intervals. The interval EdgeMode[E,M ] is present if the edge
E is connected to the task of mode M and the mode M is
selected see Section V-B3. This variable is responsible for
the allocation of buffers to either the main memory or the
scratchpad.

2) Sequences: A sequence is a total ordered set of interval
variables. These interval variables can also have types assigned
to them. An additional constraint of noOverlap on sequences
can force all the intervals in a sequence to be non-overlapping.
Optionally the intervals in a sequence can have Types. These
types can be used to impose a minimum transition distance
between the intervals of a sequence in the presence of a
noOverlap constraint. This translates into

noOverlap(π,M)⇔ ∀a, b ∈ A,
((π(b) = π(a) + 1)⇒ (e(a) +M(T (π, a), T (π, b)) ≤ s(b)))

where A is a set of intervals, π is a sequence in A with types
T and M is a matrix with the minimum transition distances
between the different types of intervals.



a) ProcessorTime: is an array of non-overlapping se-
quences, one for every processor. The domain of these se-
quences is the array of time intervals of task modes TaskMod-
eTime, for all modes that use the particular processor. In
the sequence every TaskModeTime interval has a Type that
represents the SDFG actor to which the task belongs ActorID.
A minimum transition distance that equals CtxSwitchTime of
the processor is imposed whenever tasks belonging to different
actors are executed consecutively on the same processor, as
shown in Fig. 7.
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b) ProcessorEnergy: is an array of non-overlapping
sequences, one for every processor. The domain of these
sequences is the array of energy intervals of task modes
TaskModeEnergy, for all modes that use the particular pro-
cessor. In the sequence every TaskModeTime interval has
a Type that represents the SDFG actor to which the task
belongs ActorID. A minimum transition distance that equals
CtxSwitchEnergy of the processor is imposed whenever tasks
belonging to different actors are executed consecutively on the
same processor, as shown in Fig. 7.

3) Cumulative functions: Cumulative functions are used
to represent the usage of renewable resources, such as the
usage of different memories. These functions can be composed
of elementary functions such as Pulse(height,interval) and
StepAtStart(height,interval) shown in Fig. 8.
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a) MemUsage: is a set cumulative functions that rep-
resents the memory usage of different memories over time.
MemUsage[Mem] is a model of the usage of the memory
Mem.

MemUsage[Mem] =∑
{E∈Edges|EdgeMode[E,Mem]6=⊥}

Pulse(E.Size, EdgeT ime(E))

B. Constraints

A valid mapping solution needs to satisfy several con-
straints. These constraints impose additional boundaries within
the solution space, thus reducing the search space.

1) Tasks:
• All tasks need to finish before the deadline.

∀T∈Taskse(TaskT ime[T ]) ≤ Deadline

• One and only one TaskModeTime interval is present for
every task in a valid schedule, and the TaskTime interval
starts and ends with the selected TaskModeTime interval.
This behavior is captured by the alternative constraint in
OPL. An alternative(a, {b1, .., bn}) constraint implies
that, if the interval a is present then exactly one of
{b1, .., bn} is present. And that, a starts and ends with
the chosen interval.

• If a task mode M is chosen the interval
TaskModeT ime[M ] is present, the corresponding
interval TaskModeEnergy[M ] also has to be present
and the sequences ProcessorTime and ProcessorEnergy
should have the same order:

∀M∈Modes,

presenceOf(TaskModeT ime[M ])⇒
presenceOf(TaskModeEnergy[M ]).

∀M∈Modes,K∈Modes|M.ProcessorID=K.ProcessorID,

s(TaskModeT ime[M ]) ≤ s(TaskModeT ime[K])⇒
s(TaskModeEnergy[M ]) ≤ s(TaskModeEnergy[K]).

2) Memory Size: At all times the maximum data allocated
to a memory is less then the size of the memory:

∀Mem∈Memories,

MemUsage[Mem] ≤Mem.Size

3) Edges:
• The edges enforce precedence constraints between the

tasks and the life time of an edge starts at the end of its
source task and ends at the end of its sink task:

∀E∈Edges,

s(TaskT ime[E.Sink]) ≥ e(TaskT ime[E.Source]),
s(EdgeT ime[E]) = e(TaskT ime[E.Source]),

e(EdgeT ime[E]) = e(TaskT ime[E.Sink]).

• The interval EdgeMode[E,M ] is present if the edge E
is connected to the task of mode M and the mode M is
selected:

∀E∈Edges,M∈Modes,

presenceOf(TaskModeT ime[M ])⇒
s(EdgeMode[E,M ]) = s(EdgeT ime[E]),

e(EdgeMode[E,M ]) = e(EdgeT ime[E]),

¬presenceOf(TaskModeT ime[M ])⇒
¬presenceOf(EdgeMode[E,M ]).



C. Objective function

The objective of the optimization is to minimize energy
consumption while meeting the timing requirements and re-
source constraints. For our model we assume all energy spent
in the processors and memories is used by tasks, in the form
of TaskModeEnergy intervals. These intervals are aligned into
ProcessorEnergy sequences, minimizing the total sum of the
ends of these energy sequences will minimize the total energy
consumption.

minimize
∑

P∈Processors

ProcessorEnergy[P ]

In order to explore the trade-off between energy consump-
tion and execution time, a number of mapping solutions are
calculated by incrementally varying the timing deadline.

VI. H.264 DECODER USE CASE

In this section we present the results of our technique
for mapping an implementation of the H.264 decoder (Fig.
1) to the platform shown in Fig. 5. The H.264 decoder
implementation takes a stream of H.264 and processes it frame
by frame. Our TI OMAP 35xx like multiprocessor platform
consists of two RISC processors (Strong ARM 1100x) op-
erating at 200MHz, one VLIW processor (TI-C64X+) oper-
ating at 500MHz a scratchpad memory (SRAM) of 64KB
and a main memory (SDRAM) of 128MB. We profile the
application for execution times using SimItARM and TI-
CCStudio v3.3 simulators for the StrongARM and TI-C64X+
processors respectively. For the energy consumption, we use
JouleTrack [22] and functional level power analysis model
of TI-C6X [16] for the StrongARM and TIC64X processors.
Whereas the dataflow between the actors was measured using
PinComm [12] and the memory accesses by Cachegrind. For
this experiment we profiled 15 different sample videos of
resolution 352x480 for every frame, and took the worst case
values for each actor. An unroll factor of two was used for the
ASDFG. A higher unroll factor might improve the quality of
our results, but the amount of time required for the exploration
would significantly increase.

A. Effects of varying Scratchpad sizes

Fig. 9 shows that varying the amount of scratchpad memory
for the buffers significantly effects the energy-execution time
trade-off. We can observe that in order to meet the same
timing deadline with a smaller scratchpad memory available,
a higher energy schedule is often required. The scratchpad
sizes affect several aspects of scheduling. Smaller scratchpads
can cause the buffer sizes to shrink resulting in more context
switches and less parallelism. Also, they can cause more DAG
edges to be mapped onto the main memory thus increasing
the execution time and energy consumption of the tasks
connected to those edges. Furthermore, in order to meet the
deadlines some tasks may have to be moved onto a faster but
more energy hungry processor (in this case the TI-C64X+)
thus causing higher energy schedules for the same timing
performance.
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Fig. 9. Energy throughput trade-off under varying scratchpad sizes

B. Memory sharing buffers vs baseline allocation

Efficient utilization of memory space is very important for a
scratchpad based system. We study the effects of memory shar-
ing optimization [8], [20] on the trade-off between throughput
and execution time. In the memory sharing approach buffer
sizes are allowed to varry over time. Therefore, the same
memory space can be used by different buffers. In the baseline
allocation approach buffer sizes remain static. We simulated
the baseline appraoch by using a StepAtStart function instead
of a Pulse function in the MemUsage function in Section
V-A3. Fig. 10 shows that significantly better schedules on
the energy-execution time trade-off can be constructed for
a memory sharing buffer allocation when compared to a
baseline allocation. It is important to note that a memory
sharing implementation is expected to require more runtime
defragmentation overhead compared to a baseline allocation.
However, defragmentation effects are not modeled in this
simulation.
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C. Illustrating the exploration phase

During the exploration phase, the solver attempts to find
better alternatives given its best known solution thus far. Fig.



11 shows a screenshot from the ILOG profiler, illustrating how
the solution converges in a feasible amount of time.

Fig. 11. IBM ILOG screenshot showing convergence of the solution.

VII. RELATED WORK

The problem addressed in this paper crosscuts two concerns
in the domain of memory management for embedded systems,
and we therefore subdivide the related work in two sections
accordingly.

A. Buffer dimensioning

Several techniques are available for calculating the mini-
mum buffer requirements such that there are no deadlocks
[9], [1], while other calculate buffer requirements for rate-
optimal schedules [11], [19]. Between these two extremes,
other techniques explore trading of throughput and buffer
size [23], [27], [28]. However, none of these techniques takes
platforms with complex memory hierarchies into account, such
as today’s embedded devices. For such platforms the actual
execution times of actors might depend on whether data is
mapped onto a fast scratchpad memory or a slower flash
memory. Therefore, the buffer size throughput trade-off also
depends on the sizes of scratchpads.

The concept of letting buffers share the same memory space
has been studied in [20] on a coarse grain level, where buffers
with non-overlaying lifetimes can share the same memory
space. In [8] on a fine grain level where even buffers with
overlapping lifetimes are allowed to share the same memory
space. These techniques have been shown to significantly
reduce the overall memory requirements of streaming appli-
cations. However, our goal is to provide users with better
energy efficiency and quality of service. Therefore we study
the impact of such an optimization in the trade-off between
execution time and energy.

B. Scratchpad allocation techniques

The problem of content selection for scratchpads has been
extensively studied for C-like application models. [13] presents
a survey of scratchpad allocation techniques. Most of these
techniques suffer from the lack of information about the
program structure [3] and are sometimes not applicable to
applications with non-affine accesses, pointers, passing by
reference, dynamic assignments etc. Therefore the source code
usually needs to be ‘cleaned’ before these techniques could be
applied [18]. In contrast to all these approaches we propose a
scratchpad allocation technique at the level of dataflow graphs.

The literature on scratchpad allocation for dataflow graphs is
quite limited [6], [4], [3]. In [6] a scratchpad aware scheduling
technique is presented that maps both code and data segments
of an application described as a dataflow diagram. The trade-
off between context switches and buffer sizes is modeled
but parallelism and energy costs are not considered. [4] and
[3] present methodologies to dynamically allocate code and
data of a Hetrochronous Dataflow Graph to scratchpads in a
Harvard Architecture, but buffer sizes are not explored.

VIII. CONCLUSION & FUTURE WORK

In this paper, our energy aware technique for mapping
SDFGs to scratchpad based MPSoCs called SAMOSA is
presented. Tasks are mapped onto different processors whereas
data buffers are mapped onto various types of memories. The
buffer dimensioning is scratchpad aware and tradeoffs with
context switches and parallelism are explored. The content
selection criteria for scratchpads in a multiprocessor system
implicitly considers data access densities of buffers as well as
the lengths of different execution paths.

We used SAMOSA to explore the trade-off between energy
and execution time for mapping the H.264 decoder to a
scratchpad based MPSoC. Our results show that scratchpad
sizes significantly affect the trade-off between energy and
execution time Fig. 9. Therefore, we conclude that scratchpad
awareness in energy-aware mapping of streaming applications
to MPSoCs is important. Our results also show that letting
buffers share the same memory space allows significantly
better mappings on the energy-time trade-off for a scratchpad
based system Fig. 10.

In the future we would like to use bio-inspired multi-
objective evolutionary techniques and heuristics for a faster
exploration phase and apply SAMOSA to more complex
applications and platforms. We aim to extend this technique
for platforms with multi hop communication, such as Network-
on-Chip based platforms. We also intend to apply the concept
of system-scenarios based design [10] to deal with dynamism
in the application and use Polyhedral Process Networks [25] as
application model for more accurate information data access
patterns.
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