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Abstract—System-level design (SLD) provides a solution to the
challenge of increasing design complexity and time-to-market
pressure in modern embedded system designs. In this paper,
we propose a novel system-level approach to communication
architecture modeling, which was not yet well addressed in ex-
isting SLD methodologies. In particular, we show how to develop
statistical models for communication architectures. These new
models are capable of capturing communication details at higher
abstraction levels than previously possible. We demonstrate how
to use the mean-square-error as a tool for developing these
models, and show where to integrate these models in the design
process.

I. INTRODUCTION

System complexity continues to grow according to the well-
known Moore’s law [1]. In contrast, designer productivity
grows at a much lower rate. The International Technology
Roadmap [2] indicates a productivity growth of only 21%
(designed transistors/staff-month) in recent years. This dispar-
ity between system complexity and designer productivity is
known as the productivity gap.

The growing productivity gap results in increasing non-
recurrent engineering costs, and large time-to-market cycles.
To deal with the productivity gap designers are turning to
System-Level design [3]. System-level design tries to reduce
the productivity gap by introducing new abstraction levels
that allow designers to handle progressively more complex
systems.

The higher abstraction levels, in system-level design, hide
non-essential details from the designers, and allow for a
coarser design space exploration. A common representation of
the design space is an orthogonal composition of the compu-
tation and communication design alternatives. This orthogonal
relation between computation and communication allows the
designer to explore the computation architecture neglecting the
communication effects on the system design.

The manner in which the design space is explored, i.e.
a broader computation exploration followed by a narrow
communication exploration, reveals a computation-centric de-
sign methodology. Computation-centric design is reasonable
where higher computation power translates to higher system
performance. However, with the proliferation of embedded
communication systems (e.g. smart-phones, GPS, etc) and
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multi-core systems, improvements in computation power are
negated by communication delays. Today’s processors are
capable of processing large amounts of data much faster than
the communication architecture can deliver this data. The
system-level design community reacts to this paradigm change
introducing new tools and methodologies to better integrate
communication analysis into the early stages of the design
space exploration.

For example, the works in [4], and [5] introduce Sys-
temC [6] libraries to capture the characteristics of network-
on-chip (NoC) architectures, as a collection of the services
these architectures offer. On the other hand, [7] integrates
the application behavior with the communication architecture
details, generating a transaction based model that is used
during architecture exploration. Unlike the previous works,
our approach develops higher abstraction models based on
the impact that communication architecture components have
on the system performance. Explicitly, we base our analysis
on the routing latency of NoC architectures, and develop
statistical models capable of capturing the effect that different
communication features have on this latency.

The rest of this paper is organized as follow: (1) The related
work presents the current state of the art for communication
exploration at the system-level. (2) The following section
formally introduces the statistical model and shows, through
an example, how to derive a statistical model from simulation
data. (3) The final section discusses how the statistical model
fits on the overall system-level picture, and how we plan to
continue this research.

II. RELATED WORK

Refinement-based [8] methodologies dominate system-level
design. The SpecC methodology [9] is probably the most
widely known refinement-based system-level design method-
ology. The design starts at the specification abstraction level.
The specification model represents the behavior of the ap-
plication and includes the design constraints (e.g. maximum
power, minimum performance, maximum area, etc). In the
SpecC methodology the specification model is written in the
SpecC language [10], other methods for defining the system
specification include XML [11], and UML [12].



Through the architecture exploration the specification model
is refined into an architecture model. This architecture model
is the second abstraction level. At this level, the system archi-
tecture is modeled as a set of approximate-timed processing
elements (PE).

The work in [13] show how the approximate-timed PE
models are used for rapid design space exploration. This de-
sign space exploration depends on the performance estimates
available at the architecture abstraction level. The research
of [14] presents a method for performance estimation using
weight-tables to represent the PE timing characteristics, and
[15] shows how to improve the method in [14] by introducing
more accurate low-level aware metrics. After the system archi-
tecture is decided, the next step is communication architecture
exploration. The communication model is the third abstraction
level. In SpecC, the communication model is the result of the
communication synthesis, a process by which the architecture
model is refined into the communication model. The final and
lowest abstraction level is the implementation model. This
model contains all the implementation details and is developed
by refining and manufacturing the communication model.

As explained above, the SpecC design process flows from
specification, to architecture, to communication, and finally
to implementation. For communication intensive application,
this refinement order may be a limiting factor. The prob-
lem lies in the architecture exploration. For communication
intensive applications, the architecture exploration lacks the
necessary communication architecture details to provide an
accurate design space exploration. As communication inten-
sive applications, and complex communication architectures
start to dominate embedded system design, the limitation of
computation-centric methodologies like SpecC becomes more
apparent.

In the literature we found several approaches that address
this lack of communication details during the architecture
exploration. In general these approaches abstract the commu-
nication features of the target architecture, to include them
earlier in the design space exploration. For example, [7]
presents a model that (1) integrates the application behavior
in terms of the communication transactions, and (2) includes
cycle accurate figures for each transaction type on the target
architecture.

In a more direct approach to communication architecture
abstraction, [16] describes NoC architectures as a collection of
communication resources and computation placeholders. The
communication resources are further abstracted through the
use of communication layers based on the OSI model. This
layering approach to communication architecture abstraction
has been adopted by others [4], [17], [18]. A similar approach
is found in [5], where a C++ library is introduced to facilitate
the modeling of layered interconnection networks.

In this paper we introduce a new modeling scheme capable
of capturing low level communication architecture characteris-
tics, and move these characteristics to the highest abstraction
levels. Using random variables, we show how an statistical
model is capable of capturing the timing behavior for a

network-on-chip (NoC) architecture. Further, we demonstrate
how the mean square error (MSE) can be used to build
statistical models from previous simulation results.

III. STATISTICAL MODEL

The goal of system-level design is to provide tools to
measure the impact that low-level design decisions have on
the system performance. In the case of the communication
design alternatives, system performance is affected by the
communication throughput and latency. The work presented
in this paper shows how statistical models are developed,
that capture the low-level latency relations and bring this
information into the realm of system-level design.

A. Modeling Communication Components

The key modeling issue in system-level design is the relation
between the design alternatives, performance metrics, and
implementation cost. For latency a well known relation is the
path latency [19]. For a path with n nodes and k channels, the
path latency, T, is defined as:

n k
To=) tirt+ ) ti (1)
i=0 j=0

Eq (1) has two components, routing time and traveling time.
Routing time, t,, refers to the time a packet resides in an
intermediate routing node. Traveling time, t;, is the time
a package utilizes the communication channel between two
nodes, and can be expressed in terms of the packet size and
channel bandwidth.

Eq (1) shows how the design alternatives on topology, rout-
ing, and flow control have a direct effect on latency through
their impact on routing and traveling time. For example, for a
typical implementation of deterministic routing with wormhole
flow control, topology and routing greatly affect routing time
for the head flit at every routing node. It is shown in [20] that
routing time may vary between 40 to 50 cycles, depending
on the number of available output channels and buffers. In
fact, most components of eq (1) are the result of one or more
design alternatives. The path length, 7, is as much influenced
by topology as by the routing protocol. Routing time, t,, is
a function of the topology, routing, flow control, and even
traffic. Traveling time, t;, is heavily influenced by the packet
size which is determined by the flow control.

Path latency provides a starting point for evaluating the
relations between communication design alternatives and sys-
tem performance. However, path latency, routing, and traveling
time are still low level performance metrics. For these metrics
to be meaningful at the system-level, it is necessary to provide
models and methods to estimate the performance impact
system-level design decisions have on these metrics.

Statistical models are widely used in the networking and
communication research fields. For communication compo-
nents, statistical models are most suitable for bridging the
gat from the low-level implementation metrics to the system-
level. Based on random variables, statistical models capture
the behavior of communicating processes, and along with



statistical methods, can provide the tools necessary to move
the communication exploration into the higher levels of ab-
straction.

Using eq (1) as the basis for this research, the challenge
is how to properly introduce random variables into the path
latency. The two candidates to model as random variables
are, routing time (#;) and traveling time (#;). It is useful to
see these components as they fit in the system. Fig. 1 shows
the relation between the routing and traveling times, and the
communication components on the system model.

T+: random variable which
represents the travel time of a

packet on the channel.

DST
node

Traffic )

Tr: random variable which
represents routing time in this
node.

Fig. 1. Communication Components in System

From Fig. 1 it is clear that routing time captures the system
design alternatives that define the node architecture. These
alternatives include number of IN/OUT ports, buffer sizes,
routing scheme implementation, flow control implementation,
among others. On the other hand traveling time encapsulates
the design alternatives related to the communication medium,
including , but not limited to, bandwidth and packet size. Also
present in Fig. 1 is the effect of dynamic phenomena in the
system model.

Simple random variable models for routing and traveling
times are not sufficient for system-level design. The new
statistical models must capture both the static design alter-
natives and the dynamic phenomena due to load changes. The
rest of this section presents the challenges and methods for
developing the a statistical model for routing time.

B. Developing a Statistical Model

Modeling the routing time using an statistical model can
provide the abstraction necessary to bring the communication
information into the higher abstraction levels of system design.
However, the process for developing such statistical model is
not trivial. The initial challenge is to determine the behavior of
routing time. To this end, we’ve set up the following system:

e 64 nodes arranged in an 8x8 torus,

e XY deterministic routing, and

e wormhole flow control
This system was developed in SystemC using a modified
version of the NOXIM [21] simulator.

The characteristics of these systems were carefully selected.
Deterministic routing is still the most commonly routing type
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Fig. 2. Routing Time Distribution and Fitting for Random Traffic

used [22]-[25]. The advantages of deterministic routing are
many, simple design and analysis, ease of implementation, low
latency for well behaved loads, etc. Likewise, wormhole flow
control dominates the NoC architectures [24], [26]-[28]. Flit-
based flow control schemes, such as wormhole, are popular
because they provides a level of data management that is ideal
for the kind of transfers and resource constrains commonly
found in today’s NoC.

Two traffic loads are considered: random, and hotspot. Fig.
2 summarizes the simulation results for random traffic. In this
simulation the system is subjected to random traffic for 10000
cycles. Each node injects random traffic made up of packets
of exactly 10 flits.

Fig. 2 shows the empirical distribution of routing time,
labeled Simulation. This distribution is the basis for the
random model. As seen in Fig. 2, routing time in this system
follows an exponential distribution. Several characteristics of
this distribution are worthy to point out:

1) One and two cycles are the most frequent latencies.

2) About 97% of the area of Fig. 2 lay within the first 25
cycles.

3) The average simulation path latency is 28.68 cycles/flit.

4) The average simulation path length is 6 nodes.

Path latency is computed as the end-to-end delay of the packet,
as it travels from source to destination.

The most common method for developing random models
from empirical data is to fit the data to a known distribution.
Table I shows the average routing time from simulation, along
with the mean, standard distribution, and mean square error
(MSE) for an exponential fitting of the simulation data for
both random and hotspot traffic. This table confirms what can
be seen graphically in Fig. 2, that is that an exponential fitting
of the empirical distribution does not produce a good model.

The problem with the exponential fitting is that it can’t
model the behavior of the routing time for the first data points.
The routing time distribution decreases very quickly during the



TABLE I
EXPONENTIAL FITTING FOR RANDOM TRAFFIC

Traffic | Routingaee Mean Std. Dev. MSE
Random 4.78 4.02 16.19 0.0821
Hotspot 30.99 127.52 | 16261.32 | 0.1632
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first three data points, however it still has a long and narrow
tail. These properties are difficult to match with an exponential
fitting alone. The solution is to use a mixed distribution.

C. A Mixture Model

This section presents the steps we took to develop mixture
models of our system under random and hotspot traffic. A
mixture model [29] is of the form

n
fx(x) =) aify,(x) )
i=0
Where the density functions fy (x) are the mixture compo-
nents, and 4; are the mixture proportions. With the constraints
that 0 < a; < 1 and a1y +a»+ ---+a; = 1. Upon
further inspection of Fig. 2 we developed a the mixture model
following a piecewise approach.

To develop the mixture model the routing time distribution
of Fig. 2 is separated in two sets, or windows. For a simulation
set of n data points, the first window contains the points from
0 to w; and the second set has the rest of the data points, from
w + 1 to n. These two sets become our mixture components.
Based on this analysis our mixture model has two parameters:

1) the mixture proportion (a) from eq 2, and

2) window size (w).

The mixture proportions are determined using eq 3. T;,,
is the average routing time from simulation, and iy, Heyp+1
are the means of the mixture components fy, (x) and fy, (x).
Equation 3 holds only for distributions belonging to the
exponential family, which is the case for routing time.

Trroe = Hw ¥ 0+ Hyi1 * (1 —a). 3)

Window sizes, on the other hand, are not as clearly defined
as the mixture proportions. We studied different window sizes
and evaluated their mean square error (MSE). Fig. 3 shows the
MSE as a function of the window size. The red horizontal line
represents the MSE of the exponential fitting of Fig. 2. There
are three distinct sections in Fig. 3: w < 25, 25 < w < 90,
and w > 90.

The first section, w < 25, is characterized by the largest
MSE reduction rate. Knowing that 97% of the routing time
distribution is stored on the first 25 cycles, it is expected
that the MSE would decrease significantly faster as these data
points are integrated into the fy, (x) mixture component. After
this point, w = 25, MSE decreases at a lower rate because
any more data moved into fy, (x) adds very little information.
It is important to note that even with the 97% of the routing
time distribution in fy,(x), this mixture model with w = 25
still has a worst MSE than the exponential fitting of Fig. 2.

On the second section, 45 < w < 90, the MSE continues
to decrease, but at a lower rate. MSE reaches a minimum at
w = 90. At w = 90, 99% of the routing distribution is now
in fy,(x). The resulting mixture model at w = 90 is

fre(x) = aofy,(x)+aify,(x), where
fro(x) ~ Exp(p=077),a0 = 0.9513

fr,(x) ~ Exp(u=8113),a; =1 — ao.

Looking at the mixture proportions 4y and a4, it is clear why
this mixture model produces a better MSE. It is given a higher
weight to the mixture component representing 99% of the
routing time distribution, ag fy, (x).

The last section, w > 90, is characterized by an increase in
MSE. This last section represents when the information on the
tail of Fig. 2 starts to impact the mixture model. Finally, as the
window size increases, w — oo, our mixture model becomes
the same as an exponential fitting over the entire simulation
set.

In summary, the MSE analysis above shows that using mix-

Mixture Models - Random Traffic
T T T T T T

-=+=Simulation ||
—d-yw =25
w=45
1 “*-w =90
Exp. Fit

08 T

5 6 7 8 9 10
Latency [cycles]

Fig. 4. Mixture Models for Random Traffic



ture models it is possible to find a better fit than simply fitting
the simulation data to an exponential distribution. Furthermore,
Fig. 3 shows that for all windows sizes 45 < w < 185, the
mixture model has a lower MSE than the exponential fit of Fig.
2. Graphically the mixture models for windows w5 45 gq] are
shown in Fig. 4.

The same MSE analysis is used to derive the system model,
when loaded with hotspot traffic. When using hotspot traffic
the shape of the routing time distribution is very similar to the
case with random traffic, with some key differences. (1) The
tail of the routing distribution is much longer for hotspot. (2)
The average routing time is 6 times that of the random traffic
case. However, like with random traffic, the most meaningful
information of the routing time distribution is located within
the first 25 cycles. Figures 5 and 6 show the MSE curve and
resulting mixture models for hotspot traffic, respectively.

IV. SYSTEM-LEVEL DESIGN WITH MIXTURE MODELS

The previous section demonstrated how to derive a mixture
model from simulation. These mixture models capture the
communication architecture characteristics as they behave in
a loaded system. For the random traffic example, we showed
that a window size of w = 25 produces a good mixture model.
The resulting model is of the form:

fx(x) = aofy,(x)+ aify,(x), where
fry(x) ~ Exp(p=077),a9 = 0.9513
fr,(x) ~ Exp(u=8113),a; =1—ag

The mixture model fx (x) becomes the representation of the
routing elements on future high level models that include the
same communication architecture. Different mixture models
are derived to represent different architecture alternatives.
Much useful information may be gathered from the mixture
model directly, e.g. the mean routing time, etc. However, the
statistical mixture model becomes exceptionally useful when
exposed to dynamic loads.
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For instance, given the application communication charac-
teristics, it is possible to use the mixture model to evaluate
the collision behavior of a system at the highest abstraction
level. Knowing that the routing time has a distribution fx(x),
it is possible to combine the application communication char-
acteristics with the mixture model to produce the distribution
of the collision probability.

The collision distribution represents how the entire system
reacts to the dynamic communication behavior of the applica-
tion, and directly relates to the system performance. Dynamic
analysis, such as the one for collision, are possible with
mixture models because of the tools and methods available
to statistical models.

V. FUTURE WORK

Using statistical models to represent communication compo-
nents gives the designers access to a large assortment of tools
from the statistics field. These tools provide several methods
to combine the statistical model with the dynamic elements of
the design. The next step in our research is to evaluate different
statistical tools available for design space exploration.

Design space exploration is driven by performance estima-
tion. Mixture models directly provide punctual statistics that
are useful for space exploration, but these statistics alone are
not enough for the in-depth exploration required by today’s
complex embedded systems. This research will continue to
evaluate different statistical tools available to integrate the
mixture model with the dynamic components of the architec-
ture model, and to provide the communication performance
estimates necessary for better architecture exploration.

VI. CONCLUSION

In this research we showed that mixture models are a viable
tool for including communication information at higher levels
of abstraction. We further illustrate a method for developing
mixture models based on the mean square error. A typical
system is modeled in SystemC and subjected to random and



hotspot traffic, and the data collected from the SystemC model
was use to demonstrate how the mean square error is used to
generate the mixture model.
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