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ABSTRACT

In multi-media applications, buffers represent storage spaces that
are used to store the data communicated between different tasks in
the application, and throughput refers to the rate at which output
data is produced by the application. The capacities of the buffers
influence the throughput, by altering the waiting times for tasks
that need to read or write data from or to the buffers. The buffers
are realized using memory. To minimize the memory usage, we
look for algorithms to compute the minimal capacity requirements
for buffers to execute an application under a given throughput con-
straint. Synchronous dataflow (SDF) is a common formalism used to
model applications in such algorithms. SDF however, is not suitable
to describe today’s dynamic applications, as it cannot express task
variations. Finite-State-Machine Scenario-Aware Dataflow (FSM-
SADF) is an extension of SDF that allows for not only task variations,
but also structural variations, making it suitable for a wide range
of dynamic applications. This paper provides the first throughput-
buffering trade-off analysis for FSM-SADF models. The analysis
provides the Pareto space of throughput and storage space trade-
offs. The trade-off analysis is done by a guided Design Space Explo-
ration (DSE) that cuts-off the exploration on non-critical buffers.
The core of such a DSE is an FSM-SADF throughput analysis that,
given the capacity of every buffer, obtains the throughput, as well
as the critical buffers. We demonstrate the feasibility of our analysis
with a number of examples.
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1 INTRODUCTION

Applications used for multi-media streaming and wireless commu-
nications in embedded devices need real-time computing. In par-
ticular, these applications require that the computations involved
in them are carried out at a certain rate, referred to as throughput.
The throughput in a video application running on a smart phone
for instance, determines the output frame rate, which is a measure
of performance or quality in such applications. Nowadays, with the
increasing complexity of these applications and the need for higher
quality embedded devices, the amount of computations required
for these applications is more than the processing capabilities of a
single processor to keep up with the required throughput. There-
fore, multiprocessor systems are used to share the computational
load. The inherent task parallelism in concurrent applications is
exploited to deliver the required performance [9].

H.263 is a video compression standard used in multi-media and
video-conferencing. An H.263 decoder is an application that de-
codes the compressed frames and transforms them into a format
recognizable by embedded devices. The frames require the follow-
ing tasks to be decoded [15]: Variable Length Decoding (VLD),
Inverse Quantization (IQ), Inverse Discrete Cosine Transformation
(IDCT), Motion Compensation (MC) and Reconstruction (RC)!. The
VLD kernel executes on every frame and decomposes it into a num-
ber of small blocks of data items called macro blocks. The macro
blocks are stored in a buffer dedicated to store the outputs of VLD.
The IQ and IDCT kernels read the macro blocks from the buffer one
by one, decode them and store them in another buffer. When all
macro blocks are decoded, the MC and RC execute to reconstruct
the decoded frame from the decoded macro blocks. Usually the
decomposition, the macro block computations and the reconstruc-
tion tasks are each mapped to a separate processor to exploit the
concurrency. To obtain the maximum throughput, the tasks are
scheduled to start as soon as possible, i.e., as soon as they have
enough input data and enough space to produce their outputs.

The capacities of the buffers influence the throughput of the
application by altering the task schedules. In the H.263 decoder, the
buffer that stores the outputs of the VLD must have enough capacity
to store the macro blocks decomposed from one frame, otherwise
the application deadlocks because VLD will never start. The number

! A list of abbreviations can be found in Appendix A.
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of macro blocks produced by an execution of VLD depends on the
frame size. If the buffer can store exactly this number of macro
blocks, the VLD and IQ always execute sequentially even though
they are mapped to different processors. This is because VLD will
not start decomposing the next frame until all macro blocks in
the buffer are decoded and the buffer is emptied. By increasing
the capacity of the buffer by one macro block, the VLD on the
next frame can run in parallel with one (the last) IQ execution
in the current frame. By further increasing the capacity, more IQ
executions will be executed in parallel with VLD, as VLD takes
50 times as much time to complete as a single execution of IQ.
Increasing the capacity macro block by macro block, will increase
the throughput, assuming that this buffer is the limiting factor for
the throughput (i.e., when other tasks have shorter execution times
compared to VLD and other buffers are large enough). If we keep
increasing the capacity, at some point the VLD on the next frame
will be fully parallelized with IQ executions. From this moment,
increasing the capacity of this buffer will not affect the throughput
as the application has reached its maximum throughput.

The capacities of the buffers should be be optimized for the re-
quired throughput, since the buffers are implemented using costly
and power consuming memory blocks. To formalize the buffer siz-
ing problem, applications are mathematically described by a Model
of Computation (MoC). Synchronous Dataflow (SDF) [11] is a MoC
that is used in a number of buffer sizing techniques. In SDF, it is
possible to model buffers with a limited capacity. This is meaning-
ful when modelling and analyzing implementations of the signal
processing applications. The buffers in applications such as H.263
decoder, sample rate converter and modem are sized using SDF
models [15][1]. SDF abstracts the tasks by actors. Actor firings
mimic task executions; they consume input data, take a constant
time and then produce output data. Actors start firing as soon as
there is enough input data and buffer space to execute the tasks they
represent. In dataflow, buffers are modelled by channels located
between actors. Actor firings produce tokens on these channels.
The tokens represent data items that take up a certain amount of
space in memory. This way, the dataflow semantics describes the ex-
ecution behaviour of the applications. SDF models can be efficiently
analysed for their throughput and therefore, they are employed in
iterative design procedures to find optimal buffer sizes [8][7][15].

Modern applications are dynamic. Dynamic applications include
tasks with behaviour that changes at run-time. SDF actors are
unable to represent task variations and consequently, they are not
suitable for modelling dynamic applications. For instance, a task
that alternatively switches between complete and partial executions
can not be represented by an SDF actor. Even though a conservative
model can be obtained by considering the complete execution at
all times, the analysis results will be pessimistic and may result in
memory over-allocation [15]. Cyclo-Static Dataflow (CSDF) [2] is
a generalization of SDF. CSDF actors can represent task variation
with periodic pattern that is known a priori, such as the variable
task mentioned above. However, many modern applications have
non-deterministic task variation patterns and/or their variation is
at the level of the graph structure rather than being at the task
level [6].

As an example, let us look at an MPEG-4 Simple Profile de-
coder [6]. Similar to the H.263 decoder, the MPEG-4 decoder has
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a VLD that decompresses the encoded input frames into a stream
of macro blocks. In this decoder however, the frames are classi-
fied in I-frames and P-frames. Decoding of I and P-frames is partly
different as they are encoded differently. I-frames are encoded in-
dependently from previous frames, but P-frames need a reference
to a previous frame as they exploit temporal correlation in the
form of motion vectors between subsequent frames. Therefore, the
decomposed macro blocks from a P-frame are decoded and then
made into a decoded frame using both MC (motion compensation)
and RC (reconstruct). I-frame macro blocks lacking motion vectors
are reconstructed using RC only. MPEG-4 is a dynamic application
with behaviour that changes based on the input frame type and
the number of motion vectors present, which is not deterministic.
Moreover, the structure of the application changes when decoding
I and P-frames. For example, MC is not needed for I-frames while
it is a part of the decoding process for P-frames.

Finite-State-Machine Scenario-Aware Dataflow (FSM-SADF) [6]
is an extension of SDF and CSDF that can handle enough dynamism
to model applications such as the MPEG-4 decoder, while still being
amenable to analysis. In this model, scenarios represent modes
of operation. For instance, MPEG-4 has naturally two modes of
operation, namely I-frame and P-frame modes. In the P-frame mode,
moreover, actor reading and writing rates and their execution times
change between executions due to different numbers of motion
vectors present in the data. In FSM-SADF, modes are described
by (parameterized) SDF models. FSM-SADF provides additional
semantics that captures parametric rates and execution times and
switching between scenarios. A Finite State Machine (FSM) is used
to specify switching patterns, which can be deterministic or non-
deterministic.

Finding the minimal buffer sizes for an SDF model to satisfy a
minimum throughput constraint is known to be a complex prob-
lem (NP-complete [12]). Nevertheless, Stuijk et al. [15] provide a
throughput-buffering trade-off analysis that terminates in a rea-
sonable time for SDF and CSDF models of real-life applications.
The algorithm uses a Design Space Exploration (DSE) scheme that
prunes the design space (without losing any optimal points) during
the exploration. The approach uses a throughput analysis algorithm
to compute the throughput of the model, and at the same time find
the throughput limiting buffers. The exploration continues only on
these buffers. This makes the exploration space smaller and smaller
as the exploration continues.

The trade-off analysis of Stuijk et al. [15] is not directly applicable
to FSM-SADF models. Even though every scenario can be separately
sized for its buffers using the SDF techniques, the results will be
useful only in a corner case where the scenarios do not share any
actors or buffers. For instance, if the I and P-frame decoding tasks in
the MPEG-4 decoder are implemented as two separate applications.
This is often not the case, because it increases the resource usage and
reduces the maintainability of the application. Dynamic reading and
writing patterns on buffers lead to different requirements compared
to the strictly regular patterns occurring in SDF

In this paper, we provide the first throughput-buffering trade-off
analysis for applications modelled as FSM-SADF. As an enabling
contribution, we propose a novel throughput computation method
for FSM-SADF models that obtains the throughput and at the same
time determines the buffers that limit the throughput of the model.
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This is an important contribution because it enables the application
of smart exploration schemes in performing efficient buffer sizing
for FSM-SADF models. The second contribution realizes the main
goal of this paper by integrating our throughput analysis in a DSE
scheme similar to the one provided by Stuijk et al. [15] to find all
optimal throughput-buffering trade-offs. The DSE is tuned to work
with FSM-SADF models. We prove that the proposed DSE finds all
optimal points in the space of the throughput-buffer size trade-offs.
We show the applicability of our approach using several realistic
applications modelled as FSM-SADF.

2 RELATED WORK

The problem of finding the minimum buffer requirements to exe-
cute an SDF with the maximum, minimum or a given through-
put has been addressed in a number of works [8][7][15][18].
Hwang et al. [8] and Govindarajan et al. [7] formalize the max-
imum throughput version of the question as a linear program-
ming problem. The formalization provided by Hwang et al. [8]
consider time-constrained and resource-constrained schedules and
it is applicable to acyclic SDF only. The authors of [7] provide a
heuristic approach to solve the problem for SDF, as the problem
is NP-complete [12]. The approach taken by Stuijk et al. [15] is
based on a DSE. Their approach finds all trade-offs (Pareto points)
in the space of throughput-buffer size by using a guided exploration
rather than an exhaustive exploration. The exploration is narrowed
down to the buffers that create the so-called storage dependencies
while the SDF is executing with a certain throughput.

Buffer minimization techniques for CSDF graphs are presented
in several works [17][4][3][15]. Denolf et al. [4] present an ap-
proach to find the minimum buffers required to execute a CSDF
graph with a static schedule. However, there is no guarantee that
another schedule that realizes the same throughput with smaller
buffer requirements does not exist. A heuristic algorithm given by
Wiggers et al. [17] minimize buffer usage under a given throughput.
Bodin et al. [3] provide a linear programming formalization of the
minimum buffer requirements under a throughput constraint. The
authors give an algorithm to solve the problem approximately.

Our work extends the exact throughput-buffering trade-off anal-
ysis for SDF and CSDF provided by Stuijk et al. [15] to FSM-SADF
graphs. We use a guided exploration of the design space by identi-
fying critical buffers, similar to the so-called storage dependencies
identified from the state-space of the SDF/CSDF execution [15].

3 PRELIMINARIES

3.1 SDF

SDF describes the application by a directed graph. The left side of
Figure 1 shows an example Synchronous Dataflow Graph (SDFG).
In this graph, nodes depict actors. Actors represent individual tasks
and actor firings correspond to task executions. The letters inside
the nodes are used to refer to actors and the numbers next to
the letters show the execution times of the actors. Directed edges
in the graph represent channels and they are referenced by the
annotations below them. Channels enforce dependencies between
actor firings caused by, for instance, data dependencies or control
decisions. Channels may initially contain tokens, referred to as
initial tokens. In Figure 1, initial tokens are shown by black spots on
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Figure 1: An example SDF scenario

Reps: [P, Q. R] — [1, 2, 2]

ITs: @(81, 82), <b-(és)

FTs: <(1_(51, 82), <17_(53)

top of the channels and they are referenced by annotations next to
them. When an actor starts firing, it consumes tokens from its input
channels, and when its execution time expires, it produces tokens
on its output channels. All firings of an actor consume and produce
constant numbers of tokens per channel, called the consumption
and production rates. The rates are given as edge annotations in the
graph (rates of 1 are not shown to avoid cluttering). For instance,
every firing of actor P produces two tokens on channel a.

The channels that model data dependencies are called buffer
channels. In Figure 1, channels a and b are buffer channels. SDF
channels do not have control over the number of tokens that ac-
cumulates on them. Therefore, to model a limited capacity buffer
with back-pressure, it is common to put a channel in the opposite
direction between the two actors with a number of tokens on it [15].
We call these channels capacity control channels or capacity chan-

nels for short (channels @ and % in the figure). The capacity of the
buffer channel is the sum of the tokens on the buffer channel and
the tokens on the capacity channel. In Figure 1, there is a buffer
with 2 tokens capacity between P and Q and a buffer with 1 token
capacity between Q and R.

An SDFG is defined by a tuple (A, C). The set A contains a finite
number of actors. An SDF graph defines a worst-case execution
time e(a) € R* for every actor a € A. The set C C A X A is the set
of channels. Let ¢ € C be a channel from an actor P € A to an actor
Q € A (P and Q can be the same actor). Channel ¢ is an output
channel of P and an input channel of Q. Each of actors P and Q
respectively associate a non-negative number to channel c, namely
the output rate Outp(c) and input rate Ing(c). Channel ¢ contains
a number of initial tokens It(c). We consider a set B C C of buffer
channels with limited capacities for an SDFG. Let b € B be a buffer
channel from an actor P to an actor Q (P # Q). The SDFG includes

a capacity channel (b_from Q to P, such that Oth((b_) = Ing(b)
and Inp(<b_) = Outp(D).

3.2 SDF Scenario

SDF scenarios describe deterministic SDF behaviours. An SDF sce-
nario specifies a finite non-empty set of actor firings in an SDFG,
which is often represented by a vector that shows the exact number
of times (repetitions) that each actor in the graph fires. Figure 1
shows an example SDF scenario. The table on the right side of this
figure shows the repetition vector for the scenario. In the example
scenario, the actor repetitions correspond to one iteration of the
example SDFG. An iteration of an SDFG is the smallest, non-empty
set of actor firings that does not change the number of tokens on
the channels. For the example SDFG, one iteration contains one
firing of actor P and two firings of actors Q and R each. In general,
a scenario may correspond to a partial iteration. For instance, it
is possible to define a scenario that includes only one execution
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of P, ie. [P,Q,R] — [1,0,0]. Such scenarios are introduced by
Geilen et al. [5]. Our work considers the general case.

Executing a scenario is to execute all actor firings defined by the
scenario. A scenario execution may deadlock due to insufficient
buffer capacities. For instance, if buffer a had a capacity of 1 token
(assume only one token on ‘@), the example scenario deadlocks,
because firings of P need to consume 2 tokens from channel @
(corresponding to claiming two output spaces in buffer channel a),
so P can not fire and no actor will be able to fire anymore.

A deadlock-free scenario execution corresponds to a certain
amount of real-world progress. The progress can be associated with
different meanings depending on the application. In the MPEG-4
decoder model given by Geilen et al. [6], the unit of progress is
defined as the decoding of one frame. In their model, both I and
P-frame scenarios have a progress of 1, as the actor firings included
in those scenarios correspond to the task executions required for
decoding one frame. If the designer is interested in the number
of firings of a specific actor, the repetition of that actor can serve
as the progress of the scenario. For simplicity and without loss of
generality we assume that all scenarios have a progress of 1.

A deadlock-free scenario execution leaves a number of tokens
on the channels, called final tokens. Initial and final tokens (ITs and
FTs) in a scenario are labelled. In Figure 1, for instance, d3 labels

the initial token on channel b and the final token produced on the
same channel after the scenario is executed. ITs an IFs in this figure
show the initial and final token labels for all channels respectively.
ITs and IFs are a means to convey (timing) information from an
executed scenario to the scenario that will be executed next. The
final tokens of the executed scenario take the place of the initial
tokens with the same labels in the next scenario. If the ITs and IFs
in a scenario transition do not match then the model is incorrect. In
our FSM-SADF examples, we allow transitions from a scenario to
itself. This means that ITs and IFs should match within the scenario,
i.e. they should be the same. If we do not allow self-transitions, then
ITs and IFs can be different.

3.3 (max,+) Representation of an SDF Scenario

Scenario executions can be described in (max, +) algebra. We first
introduce the notations for this algebra. (max, +) algebra defines
two binary operators, maximum (u ® v = max{u, v}) and addition
(u®v = u+v), where u,v € R_oo = RU{—0c0}. Let vectors v and u
belong to the n dimensional vector space denoted by R” . The inner
product of u and v is defined as u”v = (u; ® V1) B (U2 @ V) B+ - B
(un ® vy). Operator ® on vectors with the same size is an element-
wise operator. Matrix multiplications and additions are defined
using the inner product and addition of vectors defined as above.
For the sake of readability we do not write ® with matrix/vector
multiplications. The norm of a vector ||v|| is equal to the maximum
entry in the vector. The element on the it row of the j™ column of
a matrix G is denoted by [G]; ;.

The timing relations between the time-stamps of the tokens
consumed and produced by an actor firing in an SDF scenario are
naturally captured by maximization and addition operations. For in-
stance, consider the firing of actor P in the example scenario. Let t5,
and ts, denote the time-stamps (availability times) of initial tokens
01 and &7 respectively and, ¢ denote the time-stamp (production
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Figure 2: The matrix of the example scenario and the MPA
of the example FSM-SADF

time) of tokens produced by the firing of P. The firing of P starts at
max{ts,, ts,} and, completes two time units after the start. There-
fore, equation t = max{ts,,ts,} + 2 describes the relation between
the time-stamps of the produced and consumed tokens in this firing.
This relation corresponds to a linear equation in (max, +) algebra.
For instance, the equation above can be written as t = 2®ts5 ®2®ts,
which is a linear equation in (max, +). Consequently, deadlock-free
executions of an SDF scenario can be described using a set of linear
equations that relate the time-stamps of the final tokens to the
time-stamps of the initial tokens. These equations can be compactly
represented using a matrix vector-multiplication as follows.

Y =Gy (1)

In Eq. 1, y and y’ are vectors that contain the time-stamps of
the initial and final tokens in a scenario s respectively (also called
state vectors) and G(s) is the (max,+) matrix of scenario s. The
matrix G in Figure 2 represents the example scenario. The timing
relations of tokens labelled 1, d2 and d3 in Figure 1 are captured in
the first, second and third column/row of this matrix, respectively.
For example, the first row of the matrix indicates that there are at
least 5, 5 and 3 time units delay between the respective time-stamps
of initial tokens 61, §; and 3 and the time-stamp of final token ;.

A symbolic actor firing [6] is represented by a vector dot-
product. Again consider the firing of actor P. The time-stamps
of the tokens produced by this firing can be described as t =
g't=[2 2 -—oco]lts ts, ts | Vectort contains the
time-stamps of the initial tokens. Vector g contains the time added
to the time-stamp of every produced token by the firing of actor
P. The —co entry captures the fact that firing P does not have an
effect on the time of token ds.

A (max, +) matrix of a scenario can be computed by sym-
bolically simulating all actor firings in the scenario [6]. The
initial tokens &;, d2 and J3 are respectively assigned with
g5, = [0 -0 —c0] g5 =[-c0 0 —co]andgs =
[ —0 —oco 0 ]. Firing actor P requires initial tokens §; and
d2 and, it produces two tokens on channel a with time-stamp vector
max{gs,, gs,}+2 =max{[ 0 —co —co [ o 0 —co [}+
2 =[2 2 —oo | The first firing of actor Q consumes a to-
ken from channel a and initial token d3 and produces the fi-
nal token §; and a token on channel b with time-stamp vector
max{[ 2 2 -oo |,[ —c0o —oc0 0 ]}+3=[5 5 3 ].By
simulating the rest of the actor firings we obtain the time-stamps
vectors of all final tokens. By vertically augmenting the time-stamp
vectors of the final tokens as [gs,; g5,; 95,1, We obtain the matrix
shown in Figure 2.
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(a) Scenario graphs

(b) FSM
Scs S1 S2

ETs e(P)=2,e(Q)=3,e(R)=1 e(P)=1,e(Q)=5,e(R)=2

Rates ri=3,rp=4,r13=2,r,=6 ri=1,r=2,r3=4,r,==6

Progs 1 1
[P, Q, Rl — [6,3,2]

Reps [P,Q,R]— [4,3,1]

ITs (61, 8), b(8s), c(a),d(f) T(S1,8), b(S3), c(a), d(B)

FTs G851, 8), b(8), c(@), d(B)  T(S1, 8), b(83), c(a), d(B)

(c) Scenario specifications

Figure 3: An FSM-SADF with two scenarios

3.4 FSM-SADF

FSM-SADF is a variant of dataflow models that expresses dynamic
SDF behaviours by switching between several SDF scenarios. Fig-
ure 3 shows an FSM-SADF with two scenarios, namely s; and sz.
Figure 3a shows the scenario graphs of these scenarios and Table 3¢
shows their specifications. The structure of the scenario graphs
are the same, but the actor execution times and some rates are
different for every graph. Without loss of generality we assume
that a buffer with a certain capacity in one scenario graph is also a
buffer with the same capacity in all other scenario graphs. In the
scenario graphs of Figure 3, channels a and b are buffer channels
with capacities 2 and 1, respectively. To ensure that a buffer capacity
that is occupied by a scenario cannot be used in an other scenario
at the same time, the tokens that model the capacity of the buffers
are assigned with the same labels in all scenarios. Observe that 61,
&2 and &3 label the same tokens in both scenario graphs.

In FSM-SADF, a particular behaviour is achieved by executing a
sequence of scenarios. When executing a sequence of scenarios, the
execution dependencies among scenarios are established through
the initial and final tokens. When the FSM-SADF in Figure 3 exe-
cutes the scenario sequence 152, it executes scenario s after sq, the
time-stamp vector of the final tokens in scenario s; becomes the
time-stamp vector of the initial tokens with the same labels in sce-
nario sp. FSM-SADF uses an FSM to specify all possible behaviours
described as scenario sequences. Figure 3b shows the FSM of the
FSM-SADF in Figure 3. An FSM-SADF is said to be consistent if for
any scenario sequence § = sisy - - - recognized by FSM, the number
of final tokens and their labels in s; match the number of initial
tokens and their labels in s;1.

An FSM-SADF is defined by a tuple (S, g, 7, i, f, p, A) [6]. The set
S contains a finite number of scenarios. For every scenario s € S,
g(s) maps s to an SDFG, r(s) defines a vector of actor repetitions
for s, i(s) is the number of initial tokens, f(s) is the number of
final tokens and p(s) maps s to a non-negative real number that
corresponds to the amount of progress in executing s. The FSM
A is a tuple (W, wp, 1) with a set W of states, an initial state wy
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and a labelled transition relation A € W x S X W. To ensure a
consistent FSM-SADF, for any state w € W, any incoming edge
labelled with scenario s; and outgoing edge labelled with scenario
si+1, f(si) = i(si+1), i.e., the number of final and initial tokens of
subsequent scenarios must match. This number of tokens for a state
w is denoted by n(w).

We define a set U of common buffers for an FSM-SADF. Every
common buffer u € U corresponds to a buffer channel in the sce-
nario graph of every scenario s € S. For an FSM-SADF, we define
functions bs(u) to map every common buffer u € U to the corre-
sponding buffer channel in g(s) of every scenario s € S. Similarly,
we define functions cs(u) that map every buffer u € U to the capac-
ity channel of its corresponding buffer in g(s). For the FSM-SADF
in Figure 3, we define U = {ug, up }. Common buffers u, and uy, are
respectively mapped to buffer channels a and b in both scenarios.

3.5 Modelling Buffer Requirements

To be able to execute an FSM-SADF, we need to allocate storage
space and distribute it over its buffers. To formalize the distribution
of the storage space over the buffers in an FSM-SADF, we define
storage distributions. Similar to the definition provided by Stu-
ijk et al. [15], a storage distribution of an FSM-SADF on a set U of
common buffers is a mapping d : U — NU{0} that associates, with
every buffer u € U the capacity of the buffer. The allocated storage
space, i.e. the size of the distribution, is defined as |d| = >, ey d(u).
For simplicity and without loss of generality, in this definition we
assume all tokens represent the same amount of storage space. This
can be easily generalized by considering different weights for to-
kens in different buffers. We write di < dp if and only if for every
u € U, d1(u) < da(u). In the reminder, an FSM-SADF F that incor-
porates a storage distribution d is denoted by Fy. In F, for every
u € U, there exists d(u) — It(bs(u)) tokens on channel cg(u) in every
scenario graph g(s). The FSM-SADF shown in Figure 3 incorporates
a distribution d that allocates two tokens to u, and one token to
up, i.e., d(ug) = 2 and d(up) = 1. We denote this distribution by
(uq,up) > (2,1). The size of this distribution is 3 tokens.

3.6 FSM-SADF Throughput Analysis

Let Fy(S, g,r.,i, f,p, A) be an FSM-SADF that incorporates a stor-
age distribution d. If d is such that at least one of the scenarios
deadlocks, then throughput is defined zero. Considering deadlock-
free scenarios, the throughput of a scenario sequence is defined
as the average amount of progress made per time unit during the
execution of that sequence. The throughput of every § = sys3 - - -

recognized by A is defined as follows [6].

zilzlp(sn)
(il

In Eq. 2, y; denotes the time-stamp vectors of the initial tokens

in scenario s;. The throughput of an FSM-SADF is the worst case

throughput obtained among the set of all scenario sequences in the
language of A i.e. L(A), as follows.

@)

Thr(3) = lli{lgo sup

Thr = inf 1(3). (3)
SeL(A)
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Figure 4: The dependency graph of the example scenario

A throughput computation method based on this definition is pro-
vided by Geilen et al. [6]. This method first computes the (max, +)
matrix G(s) of every scenarios s € S. Then these matrices are used
to generate a (max, +) Automaton (MPA) defined in the form of a
graph M(R, E) with nodes R and edges E, as follows.

R={(w,i) | weW,1<i<n(w)}
E = {((w1, 1), [G(s)]ij> p(s), (W2, ) | (w1, 5, w2) € 4,1 < i < n(wy),
1 <j < n(wz),[G(s)];,j # —oo}

We explain this by an example. To have a simple FSM-SADF
example to work with, we consider an FSM-SADF that repeatedly
executes the scenario in Figure 1. We refer to the example as the
example FSM-SADF in the reminder of the paper. Figure 2 shows the
MPA of the example FSM-SADF. This graph contains 3 nodes, one
node for every initial token. Every edge in this MPA corresponds
to an element in the matrix of the example scenario. For instance,
the edge from &3 to §; corresponds to the element in the third
column, second row of the matrix and it has a delay of 7 time units.
Every edge has a progress of 1 unit (not shown in the figure to
avoid cluttering). The throughput is determined using a Maximum
Cycle Ratio (MCR) analysis on the MPA [6][5]. The ratio of a cycle
equals the sum of the weights on its edges, divided by the number
of edges in the cycle. The weight of an edge equals the incurred
delay divided by its progress. The MCR of the MPA of the example
FSM-SADF is 9/1. Therefore the throughput is 1/9 unit of progress
per time unit. Critical cycles of an MPA are the cycles with the
maximum cycle ratio. The MPA in Figure 2 has one critical cycle,
which is coloured in red.

4 THE MAIN IDEA

We use a DSE to find all throughput-buffering trade-offs for appli-
cations modelled as FSM-SADF. The DSE method requires that for
a given storage distribution, the buffers that limit the throughput,
are identified. The throughput analysis of Geilen et al. [6] does not
give an indication of the buffer channels with storage dependen-
cies, as (max, +) representations leave out the notion of actors and
channels. Therefore, it cannot be directly used in the DSE. Observe
that there is no obvious way to identify the throughput limiting
buffers from the critical cycle of the MPA. In Figure 2, the critical
cycle goes through Js, i.e., 82 is the only critical token. This gives a
false impression that a is the only limiting buffer (because J, is on
a) and therefore, increasing the capacity of buffer b should not lead
to a higher throughput. However, our experiments show that in
fact, both a and b are limiting buffers and increasing the capacity
of b by one token leads to a higher throughput compared to when
the capacity of a is increased by two tokens.

In this paper, we arm the traditional (max,+) matrices with infor-
mation on the buffers. The MPA built from the new matrices carries
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Figure 5: The EMPA of the example scenario

83

the buffer information on every state transition. This enables us
to translate the critical cycles in the MPA back to a set of buffer
channels we refer to as critical buffer channels. This is done by
extracting additional information from the simulation when trans-
forming an SDF scenario to its matrix representation. We explain
this by defining a dependency graph of a scenario. The dependency
graph shows the immediate dependencies between actor firings
defined by the scenario. The dependency graph of the example sce-
nario is shown in Figure 4. In this graph large nodes represent actor
firings. A directed edge from firing A; to firing B; indicates that
the jth firing of actor B can immediately start when the ith firing
of actor A is completed. If an edge represents a firing dependency
that is caused by a capacity channel, the corresponding buffer is
mentioned under the edge. The production and consumption of the
initial tokens by the firings are shown by smaller nodes. Observe
that the critical path (from &7 to §2) goes through buffers a and b,
which means that they are both critical.

By backtracking the (longest) path from the production of every
token to the consumption of every token, we can obtain matrix G,
as well as the set of buffers that affect every element of this matrix.
The results is the Extended Matrix Representation (EMR) of the SDF
scenario where every element of the matrix is a pair that contains
the time-stamp component and the buffer set component. Such a
matrix for the example scenario is as follows.

(5.{a}) (5.{a})  (3.{b})

G =| (9{ab}) 9{abd} (7.{b})

(10,{a,b}) (10,{a,b}) (8,{b})
Observe that, for instance, buffer b affects every path backtracked
from & and 83 in Figure 4. Therefore, the buffer set components of
the elements in the second and third row of the matrix G¢ include
b. The MPA can be built from the EMR in a similar way as it is built
from the (max, +) representation, except that now the MPA edge
labels contain time-stamp components and buffer set components.
We refer to such an MPA as the Extended (max, +) Automaton
(EMPA). The EMPA of the example FSM-SADF is shown in Figure 5.
Since a and b are on the critical cycle, they are identified as critical.
In Section 5, we extend the symbolic simulation method pro-
vided by Geilen et al. [6] to directly generate the EMR of scenarios
(without the need to first create the dependency graph). Section 6
defines the critical buffers in FSM-SADF graphs. In Section 7, we
provide our throughput-buffering trade-off analysis for FSM-SADF.

5 THE EXTENDED MATRIX
REPRESENTATION
This section introduces the extended matrix representation of an

SDF scenario. Then it provides an algorithm to compute it for a
given deadlock-free SDF scenario. Consider a scenario with a set
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B of buffer channels in its scenario graph. The elements of the
EMR are pairs (2, B). Component ¢t € RY_ indicates the relation
between the time-stamps of the initial and final tokens (as in the
traditional matrix representation). Component B C B is the set of
buffer channels that affect the timing relation t.

To generate the EMR, we propose an extended symbolic sim-
ulation during which, tokens are assigned with vectors v =
[ (t1,B1) (tm>Bm) 1, where t,, are the time-stamps of the
token and B,, are the sets of buffer channels that affect their re-
spective time-stamps t,,. We refer to v as the Extended Symbolic
Time-stamp Vector (ESTV). To improve readability, we refer to t,
and By, of the ESTV of a token t, as t, and B, of 7. We introduce
functions t,(r) and B,,(7) that map token 7 to t, and B, of its ESTV.
We compute these maps for every token during the simulation.

We illustrate the proposed simulation on the example SDF sce-
nario. Figure 6 shows the simulation steps. Figure 6a shows the
initial distribution of the tokens and Figures 6b-6f respectively show
the distribution of tokens after a firing according to the sequence
o = PORQR of actor firings. Figure 6a shows the initial distribution
of the tokens and their ESTVs. Since the tokens are initial, their
time-stamps are not affected by any buffer and therefore, the buffer
sets of all ESTVs are empty. The time-stamp components of the
ESTVs are not discussed since they are exactly the same as in the
traditional symbolic simulation (see Section 3.3).

In Figure 6b, P has consumed §; and 6y, fired, and produced 7;
and 72. To compute En(rl), we first need to find out, which of the
consumed tokens influence the time-stamp ¢, (71) and determine its
value. According to actor firing semantics, consumed tokens with
the latest time-stamp determine the time-stamp of the produced
token. For example, #1(71) is determined by #1(81), since #1(51) =
0 is later than #;(62) = —co. We say that §; is the dominating
token for t1(71). Since #1(71) is dominated by #1(81) and, 1 is on the
capacity channel of a, we can conclude that #1(z) is influenced by a.
Therefore, Bi(r1) = {a}. For a similar reason, t2(r;) is dominated by
8, and therefore, By(r1) = {a}. Since 3(r1) = —oco, this time-stamp
is affected with nothing and B (r;) is empty. Since 73 is produced
by the same firing that produced 71, v;, = v,.

In Figure 6¢, Q has consumed 7; and 83, fired, and produced 73
and the final token 1 (not to be confused with the initial token &1).
For t1(81) and #2(1), 71 is the dominating token because, t1(r1) =
2 > t1(83) = —oo and ta(11) = 2 > #(83) = —oo. Since t1(671)
is dominated by 7y, it is influenced by all buffers that influence
t1(r1). This means, the buffers that belong to Bl(n), should also
belong to B1(61). For a similar reason, the buffers that belong to
By (r1) also belong to Bz(82). Token 83 is the dominating token for
t3(81). Since 83 is on the capacity channel of buffer b, Bs(81) =
{b}. Figures 6d-6f show the rest of the simulation steps. Figure 6f
shows the ESTVs of the tokens remaining on the channels after the
scenario is completely executed. By vertically augmenting these
vectors we obtain the extended matrix G°.

We formalize our symbolic simulation by defining the ESTV of
a token p that is produced by a symbolic firing of an actor a with
execution time e(a), consuming a set T of tokens. Similar to the
traditional symbolic firing, t,(p), is defined as follows.

tn(p) = r;lg{tn(r)} +e(a) 4
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ALGORITHM 1: Compute the EMR of an SDF scenario

Input: An SDF scenario F with I initial tokens
Output: EMR G*
1 Y = {(6,ESTV(S)) | & € InitialTokens};

2 o = computeSeqSchedule(F);

3 for j = 1 tolength(c) do
4 a = getActor(o, j);

5 Consume tokens T C Y and fire q;

6 Y=Y\T;

7 forn=1toI do

8 th = maXTET{tn(T)} + e(a);

9 To={t €T |th(r)+e(a)=tn};

10 By ={beB|3er,[b € Bu(r) vV bf(z, b)l};
11 end

12 v=[ (t. B) (t1, Bp) T;
13 V = {(p,v) | p € ProducedTokens};
14 Y=YUV;

15 end

16 G¢ =[ov(d)]forall § € Y;

To define B,,(p), we first need to define the dominating tokens for
tn(p). The dominating tokens for ¢, (p) are all consumed tokens with
the latest t,. Therefore, t, of the dominating tokens determines
tn(7). In other words, if 7 is a dominating token for t,(p), then
tn(7) + e(a) = ty(p). The set T,(p) of the dominating tokens for
tn(p) is defined as follows.

Tu(p) = {r € T | tn(7) + e(a) = ta(p)} ®)

A buffer b belongs to By (p) if at least one of the following two
conditions hold. First, if a token that belongs to T}, is on the capac-
ity channel of b. Second, if b belongs to By,(z) for any 7 € Ty. Let
bf(z,b) be a function that returns true if token 7 is on the capac-
ity channel of buffer b and false otherwise. The function B, (p) is
defined as follows.

Bu(p) = {b € B| 3rer,[b € Bu(r) V bf(z,b)]} (6)

Algorithm 1 sketches the proposed symbolic simulation method
to obtain the EMR of a deadlock-free SDF scenario. Line 1 assigns
ESTVs to all initial tokens and stores them in a set Y. In Line 2, a
deadlock free actor firing sequence that complies with repetition
vector of the scenario is generated and stored in o (such a schedule
exists as the given scenario is deadlock-free). Starting from the first
firing in o, for every firing in the sequence the following actions are
performed. The actor responsible for the firing is recognized. The
actor consumes a set T of tokens from Y and fires. The consumed
tokens are removed from Y (lines 4-6). The ESTVs of the consumed
tokens and the execution time of the actor are used in lines 8-10 to
compute the elements of the ESTV v according to equations Egs. 4
and 6. v is constructed from its elements in line 12. In line 13, the
tokens are produced and assigned with v. These tokens are added
to Y in line 14. Finally, the ESTVs of the tokens in Y are vertically
augmented to generate the EMR of the scenario (line 16).

6 THE CRITICAL BUFFERS OF AN FSM-SADF

This section defines the critical buffers of an F;. We first provide
a definition for the case that at least one of the scenarios in Fy
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(a) Initial distribution (b) After the firing of P (c) After the first firing of Q
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(d) After the first firing of R

(e) After the second firing of Q

(f) After the second firing of R

Figure 6: Token distributions in the symbolic simulation of the example SDF scenario

deadlocks due to insufficient storage space (see Section 3.2). Then
we provide a definition for an F; with a deadlock-free execution.
For the deadlock case we use a definition from Stuijk et al. [15].
For every scenario that deadlocks, a Deadlock Dependency Graph
(DDQ) is defined. The DDG (D, E) is generated from the scenario
graph when it is in the deadlock state. The set D of nodes contains
a node for every actor in the scenario graph. The set E of edges
contains an edge ¢ from an actor P to actor Q if and only if firing
of P is prohibited by a lack of tokens on a channel ¢ from Q to P.
The definition of critical buffers for the deadlock case is as follows.

Definition 6.1. A buffer channel b in the scenario graph of a

—
deadlock scenario is critical if the capacity channel b is in a cycle
of the DDG of the scenario. A common buffer u of an FSM-SADF is
critical if b = bs(u) is critical for some deadlock scenario s.

For the deadlock-free F;, we can generate the extended (max, +)
automaton (an example is shown in Figure 5). The EMPA is obtained
by replacing the matrices G(s) with G¢(s) in the MPA generation
method of Geilen et al. [5] (see Section 3.6). A critical cycle of the
EMPA is a cycle with the maximum cycle ratio. The definition of
critical buffers for the deadlock-free case is as follows.

Definition 6.2. A buffer channel b in the scenario graph of a
scenario in a deadlock-free F is critical if it is in a critical cycle of
the EMPA of F;. A common buffer u of an FSM-SADF is critical if
b = bs(u) is critical for some scenario s.

In the rest of the paper, the critical buffers refer to either the
deadlock case or the deadlock-free case, as clear from the context.

7 DESIGN SPACE EXPLORATION

Using the definitions in Section 6, we can find the trade-offs be-
tween the distribution size and the throughput, i.e., the Pareto space.
Figure 7 shows the Pareto space obtained for the FSM-SADF in Fig-
ure 3. The interesting points on the throughput-distribution size
trade-off space are the points that have the minimum distribution
size for a given throughput, i.e., the Pareto points.

1072
I I

8 | - .
5 Thr dist seq
E 0.058 (6,8) s
o0
2 ol 0.060 (7,8) s
o
2 0.068 (8,8)  (s152)
- 0.074 (9,8)  (s152)®

) 0.076  (9,10)  (s152)%

14 16 18 20 22 0.083  (9,12) (s152)“

distribution size

Figure 7: Throughput-buffering trade-offs for Figure 3

Formally, for an FSM-SADF, a storage distribution d with
throughput Thr is minimal if and only if there is no storage distri-
bution d” with throughput Thr” such that |d’| < |d| and Thr’ > Thr
or |d’| < |d| and Thr’ > Thr. The table next to the figure, lists all
Pareto points from the lowest positive throughput to the maximum
achievable throughput. The table shows for every Pareto point also
the capacity of the buffers u, and uj, and the scenario sequence that
limits the throughput. For all distributions for which the FSM-SADF
deadlocks the throughput is 0. Therefore the zero distribution (0, 0)
is the minimal distribution for zero throughput. Obviously, zero
throughput is not an interesting design point, thus we do not show
it in Figure 7. Observe that the smallest distribution with a through-
put larger than zero is 6 + 8 = 14 tokens, as scenario s; deadlocks
with any capacity lower than 6 tokens for the buffer a and, scenario
sp deadlocks with any capacity lower than 8 tokens for the buffer b.
The sequence (s152)® limits the maximum achievable throughput to
1/12. The maximal throughput can be achieved with the minimum
distribution size of 9 + 12 = 21 as shown in the figure.

Algorithm 2 sketches the adapted DSE. The exploration is based
on the monotonicity property of FSM-SADF [5]. Monotonicity en-
sures that an increase in the capacity of a buffer cannot lower the
throughput. The input is an FSM-SADF F and the output is the set P
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ALGORITHM 2: Find all minimal storage distributions
Input: An FSM-SADF F
Output: The set P of all pairs (d, Thr) s.t. d are minimal
1 Thrygy = computeThrMax(F);
2 I={(0,---,0)h P={}
3 repeat
4 d = getSmallestDist(I); I = I\ {d};
5 F4 = createFSMSADEF(F, d);
6 if F; is deadlock-free then
7 Mg = computeEMPA(Fy);
‘ (Thr, C) = computeThrAndACriticalCycle(M);

9 else
G4 = computeDDG(Fy);
Thr = 0; C = findACycle(Gy);

11
12 end

13 P=PuU{(d, Thr)};

14 U = getCriticalBuffers(C);

15 foreach u € U do

16 d’ = copyDist(d);

17 d’'(u) = d(u) + step(u);
18 I=1u{d};

19 end

20 until 3 1m)ep[Thr = Thrmax A Barerl|d’| = |d|]];
21 P = removeNonOptimalDists(P);

of all pairs (d, Thr) such that d is a minimal distributions and Thr is
its throughput. In the first line, the maximal throughput Thry.x is
computed by removing all capacity channels from scenario graphs
and using the throughput analysis of Geilen et al. [6] (we assume
that the modelled application has a bounded throughput, otherwise,
its trade-off space is not finite). The set I of the storage distribu-
tions that will be explored by the algorithm is initialized with zero
distribution (0, . .., 0) and, P is initially empty (line 2). Lines 4-19
are repeated until all minimal distributions with Thry,y are in P.
A distribution d with the smallest size is picked and then removed
from I (line 4). F, is created from d and F in line 5. If F; is deadlock-
free, the EMPA of the F; is created in line 7. From the EMPA, the
throughput and a critical cycle are obtained and stored in Thr and C,
respectively (line 8). If F; deadlocks, then the algorithm generates
the DDG of Fy, finds a cycle C in the DDG and Thr = 0 (lines 10-11).
The pair (Thr, d) is added to P in line 13. A set U of critical buffers
are obtained from C in line 14 using the definitions provided in
Section 6. For every u € U, a new distribution d’ is generated from
d by increasing the capacity of u by one step, then it is added to
the distributions pool I (lines 16-18). The step size for a buffer is
the minimum number of tokens that if added to the capacity of
the buffer, it may break the immediate actor firing dependencies
on that buffer. We define the step size of a common buffer as the
minimum of the input and output rates of the corresponding buffer
channel over all scenarios. In Figure 3, the step size for u, and u,
are min{3,4, 1,2} = 1 and min{2, 6,4, 6} = 2, respectively. In the
final step (line 21), all the non-minimal distributions are removed
from P, after which it is returned. To prove the correctness of the
algorithm, we proceed as follows (adapted from Stuijk et al. [15]).

LEMMA 7.1. Given a storage distribution d; with throughput
Thr; > 0, for any storage distribution d; < d; for which Fy, deadlocks
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in some scenario s, in any cycle in the DDG of s, there exists a capacity
—
channel b = cs(u) for which, d;(u) > d;(u).

Proor. Since Thr; > 0, Fg, is deadlock-free. Since Fy, is
deadlock-free, but Fdj deadlocks in scenario s, d; has resolved any
cycle in DDG of scenario s in Fy;. To resolve a cycle in the DDG of
Fy;, the capacity of at least one buffer channel that its correspond-
ing capacity channel is on the cycle, must be increased. For every

capacity channel % = cs(u) that the capacity of its corresponding
buffer must be increased, we have d;(u) > d;(u). O

LEMMA 7.2. Given a storage distribution d; with throughput Thr;,
for any storage distributiond; < d; with throughput0 < Thrj < Thr;,
in any critical cycle in the EMPA of Fy; there exists a buffer channel
b = bs(u) for which, d;(u) > d;(u).

Proor. Since d; has a positive throughput, it is deadlock free
and Fy, has an EMPA. Since Fy; has a higher throughput than Fy,,
we can conclude that any critical cycle in the EMPA of Fy; has been
resolved in the EMPA of Fj,. To resolve a critical cycle in the EMPA
of Fg; the capacity of at least one buffer channel on the critical cycle
must be increased. Note that any critical cycle in the EMPA of Fq,
contains at least one edge with a non-empty set of buffers channels
(otherwise Thr;j would be maximal, contradicting Thrj < Thr;). For
every buffer channel b = bs(u) that its capacity must be increased,
we have d;(u) > dj(u). o

LEMMA 7.3. Given a storage distribution d; with throughput Thr;
and a storage distribution d;j such that d; < d; with throughput
Thrj < Thri. From dj, Algorithm 2 explores a storage distribution dj
for whichd; < dy < d;,|dj| < |dy| and Thr; < Thry. < Thr;.

Proor. If F;. deadlocks, according to Lemma 7.1 and, if it is
deadlock-free, according to Lemma 7.2, there exists a buffer u in
the set U of critical buffers such that d;(u) > dj(u). Therefore, the
capacity of u in d; can be increased before the capacity of u becomes
equal to the capacity of u in d;. Since u is critical, Algorithm 2
increases the capacity of u which results in a new distribution dj.
As the capacity of u is increased but not beyond its capacity in dj,
it holds that dj < d. < d; and ’dji < |di|. From the monotonicity
property it holds that Thrj < Thry < Thr;. O

THEOREM 7.4. Algorithm 2 obtains all minimal storage distribu-
tions in P.

ProOF. Let d; be a minimal storage distribution with throughput
Thr;. We show that the algorithm explores d; starting from any
distribution d; < d; already explored by the algorithm. We show by
induction that d; is explored from any dj, such that |d;| — |dj| =n
for any non-negative integer n. The base case, n = 0, is trivial,
because |d;| = \dj\ and dj < d; means that d; = dj, ie., d; is
explored. Now let’s assume d; is explored from any explored d;
such that |d;| — |dj| =k and 0 < k < n. We need to show that the
algorithm also explores d; from any explored distribution d; such
that |d;| - idj\ = n+1.Lemma 7.3 states that from a distribution d;, a
distribution d. > dj is explored such that |dj| > |dj|. According to
the algorithm, dy. is generated from d; by increasing the capacity of
at least one buffer by a step of some size s. Therefore |dy| — |dj| =s.
By comparing |d;| and |dj | we conclude that |d;| — |di| =n+1—s.
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Table 1: Experimental results on FSM-SADF models

WLAN  MP3 Decoder SUSAN  Figure 3 ‘ H.263 Decoder Modem Sample Rate Satellite
nrBuffers 8 46 4 2| 3 35 10 48
nrParetoPoints 2 3 7 6 36 3 3 2
nrMinDist 2 3 7 6 146 3 3 2
nrVisitedDist 3 32 12 10 193 7 6
maxThr(x107%) 2.5 0.0017 0.066 830 0.03 620 10 7.5
distSizeMaxThr 10 179 20 21 1224 72 44 1586
minPosThr(X1074) 2.4 0.0016 0.012 5.80 0.015 320 9.2 9.4
distSizeMinThr 8 172 8 14 1189 70 42 1588
RunTime Alg. 2 3ms 4559ms 11ms 19ms 1296s 74ms 545ms 419s
RunTime [15] n/a n/a n/a n/a 349ms 1ms 8ms 514ms

Since s > 1, n + 1 —s < n and, according to induction hypothesis,
dy. is explored by the algorithm. Since d; is explored from dj, and
dy is explored from d;, we conclude that d; is explored from d;. The
algorithm starts from the zero distribution. Since (0, -, 0) < d;
for any d;, the algorithm explores any minimal distribution d;. O

8 EVALUATION

We implemented Algorithm 1 and Algorithm 2 in the SDF3 tool [14].
We applied Algorithm 2 to FSM-SADF models of several realistic
applications. The set of FSM-SADF application models contains an
MP3 decoder [5], an edge detection algorithm known as SUSAN [16]
and a WLAN [5]. We also transformed a set of SDF application
models to FSM-SADF (the FSM-SADF contains a single scenario
that is defined as the set of actor firings in one iteration of the SDF
graph) to apply our analysis and compare the results. The set of
SDF applications include an H.263 decoder [15], a Modem [1], a
sample rate converter [1] and a satellite receiver [13].

The buffer sizing results are shown in Table 1. For every model,
we report the number of sized buffers, Pareto points, minimum
distributions, visited storage distributions, the maximum and mini-
mum positive throughput and the size of minimal distributions for
which the throughput numbers are obtained. We have excluded the
trivial zero storage distribution from the number of Pareto points,
minimum distributions and visited storage distributions, as it is
not an interesting design point. Note that the number of minimal
distributions might be more than the number of Pareto points, as
there might be distributions with the same size but different config-
urations in a Pareto point. The run-time of Algorithm 2 is reported
for all models. The run-times include all function calls in the al-
gorithm including the run-time of Algorithm 1, as it is called by
Algorithm 2. For SDF graphs, we compared the results of our buffer
sizing algorithm with the SDF buffer sizing method provided by
Stuijk et al. [15]. We observed that the results are identical. We also
report the run-time of their algorithm. All run-times are measured
on an Ubuntu server with a 3.8Ghz processor.

Observe that the run-time of Algorithm 2 is affected by the num-
ber of parameters. First, the input model should have a bounded
throughput, otherwise, its trade-off space is not finite and the al-
gorithm never terminates. If the model deadlocks even with un-
bounded buffers, then the model is incorrect. This case can be

detected at the first step of the algorithm. For all other cases the
algorithm returns all optimal distributions. The complexity analysis
for those cases is as follows.

To compute the throughput of a distribution we first need to
compute the EMR of all scenarios. The time complexity of this step
is O(|S| - |I|? - |o|) where |S], |I] and |o| are the number of scenarios,
initial tokens and actor firings respectively. Since the distributions
are modelled by adding initial tokens on the capacity channels,
computing the EMRs scales quadratically in the distribution size
(the total number of added tokens equals the size of the distribution).

The time complexity of an MCR analysis and obtaining a critical
cycle (Karp [10]) on a MPA is O(|R| - |E|), where |R| and |E| are
the number of nodes and edges of the MPA. The MPA of an F; by
definition has a number of nodes |R| = [W|X|I| and edges |E| = |S|x
[I|?, where |W| is the number of FSM states. Consequently, MCR
analysis has a cubic time complexity in the size of the distribution.
Therefore computing the throughput of distribution has a worst-
case cubic complexity in the size of the distribution. The results
confirm that the analysis time is longer for the models with larger
distributions compared to the models with smaller distributions.

9 CONCLUSION

When designing multi-media and communication applications on
multi-processor systems, there is a trade-off between the amount of
allocated storage space to the application and the throughput of the
application. A complicated design problem is to find the minimal
capacity requirements for buffers to execute an application under a
given throughput constraint. To formalize the problem, a suitable
model of computation is needed to mathematically describe the
application. Nowadays, applications are dynamic, meaning that
their behaviour changes at run-time. FSM-SADF is a suitable model
for dynamic applications. In this paper we provided a technique to
find all optimal throughput-storage space trade-offs for applications
using FSM-SADF models. The analysis performs a guided design
space exploration that cuts-off the exploration space during the
exploration without losing any optimal points and consequently,
terminates in a reasonably short time. We showed that our method is
practical by applying it to a number of realistic application models.
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A LIST OF ABBREVIATIONS

Table 2: Abbreviations

Abbreviation  Explanation

CSDF Cyclo-Static Dataflow

DDG Deadlock Dependency Graph

DSE Design Space Exploration

EMPA Extended (max, +) Automaton

EMR Extended Matrix Representation

ESTV Extended Symbolic Time-stamp Vector

FSM Finite State Machine

FSM-SADF Finite-State-Machine Scenario-Aware Dataflow

FTs Final Tokens

IDCT Inverse Discrete Cosine Transformation

1IQ Inverse Quantization

ITs Initial Tokens

MC Motion Compensation

MCR Maximum Cycle Ratio

MoC Model of Computation

MPA (max, +) Automaton

RC Reconstruction

SDF Synchronous Dataflow

SDFG Synchronous Dataflow Graph

VLD Variable Length Decoding
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