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ABSTRACT Programmable Memory DMA
Processor Subsystem Subsystem|

We propose a hierarchical simulation methodology to assist application 5 ¢ ¢ i
development on System-on-Chip architectures. Hierarchical simulation H High Speed Interconnect ‘
involves simulation of a SoC based system at different levels of abstrac- |
tion. Thus, it enables a system designer to exploit simulation speed vs. < i . i
accuracy of results trade-offs. Vertical simulation is a special case of C“Tg;ézed contiaurable
hierarchical simulation, where a feedback mechanism between the dif- 9
ferent simulation levels helps in “interpreting” the results of stand-alone ) . )
simulations in the system-wide context. The paper presents an approach Fig. 1. Atypical SoC architecture
to perform vertical simulation of a class of applications under a simplfied
scenario.

The above scenario necessitates a system level design
|. INTRODUCTION approach. A unified simulation environmentis needed that
provides performance estimates (latency, throughput, av-

Performance requirements under ubiquitous computmgerage power, etc.), for a given application-to-architecture

and convergence of communication and computing techy,nhing  at desired detail and cost (time) of simulation.

nologies have resulted in the emergence of System-Ofypiq” il enable rapid evaluation of performance trade-
Chip (SoC) architectures. Application development on g o1 giternate mappings at a high level and early in the

such architectures involves a delicate balance betweeﬂesign cycle without performing time-intensive low-level

high performance requirements and constraints on are&imuylations. This paper outlines a hierarchical simulation

power, etc. State-of-the-art design tools and methOdOIO'methodology for this purpose.

gies are not adequate to manage the design complexity The work described in this paper is part of the MILAN
of SoCs. Current design processes are based on indepeg_‘

dent desian flow f harchi dh roject, which is a collaborative research effort between
entdesign flow for each architecture componentand have, . University of Southern California (USC) and the Insti-

not co-evolved W|th'chang|ng system de§|gns and requIres e for Software Integrated Systems (ISIS) at Vanderbilt
ments. Programming models and design tools for eaC'University

component are independently utilized to map an applica- MILAN is a Model basedintegrated simuAtioN

tiqn, and system integrat!oq is pe_;rformed later. System'framework for embedded system design and optimiza-
wide performance analysis is typically a manual processy; [2]. The designer formally models the target ap-

It involves the use of component specific simulators in 'So'plication, underlying hardware, and constraints (latency,

Iatlto_n, atr}d Its t?(.jl(t)usf smceTﬁgch S|mulart]or haﬁ a d'ﬁebr'throughput, power, etc.) through a graphical interface pro-
ent INputiou’put intertace. 1NIS approach results In Sub-ige by MILAN. The information is stored in a model
optimal design because multi-objective optimization re-

. . ! database that can be accessed through a simple Component
quires e_xhaustlve traversal of a large design space. SeVObject Model (COM) [13] interface. The model informa-
eral environments [9], [15] have emerged that coneentrale;,, i translated into suitable input formats required by

more on co-simul_ation and system synthesis tha_n on higrlhe integrated simulators. Thus, MILAN has the capabil-
level system design. Design problems (e.g. |mproperity to drive multiple simulators with different input/output

application-to-architecture mapping, insufficient reSOUrCeSt 1 \ats from a single system specification

to meet the performance requirements, etc.) detected dur- Hierarchical simulationmeans simulating a design at

Ing such (_:O—S|mulat|0n leads to tedious and time CONSUMitterent levels of abstraction in terms of both the struc-
ing redesign of the system [6].

ture and the behavior of the underlying component(sj-

This work is supported by the US DARPA Power Aware Computing tical simulationis a special case of hierarchical simula-
and Communication Program under contract F33615-C-00-1633 moni-
tored by Wright Patterson Air Force Base. Imilan (hindi): meeting, unificationhttp://milan.usc.edu/
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tion, where a designer is interested not only in simulat-munications Processor [7], the Jazz PSA [11], and the Plat-
ing a system sub-component (a task-resource mapping) dorm FPGA [16], are a few examples. These platforms in-
multiple levels of granularity, but also in “meaningful” in- clude programmable processor(s), configurable logic, cus-
terpretation of low-level simulation results from a system- tomized logic, embedded memories, high speed intercon-
wide perspective. For example, the throughput of one syshect, and analog 1/O components on the same chip. MI-
tem sub-component might affect the rate of availability of LAN integrates simulators for digital components only;
data to a data dependent system sub-component. Alsgimulators for analog components are not considered.

the computation of a particular task might depend on in-  The paper is organized as follows. Section Il describes
put data values, that can sometimes only be determineeghe MILAN project and the underlying Model Integrated
by simulating “real-world” system operation via realistic Computing (MIC) [18] design approach. Section IIl de-
data sets. Vertical simulation is useful when (a) high levelfines hierarchical and vertical simulation concepts. Sec-
end-to-end performance estimates are to be further refinedon IV discusses a prototype implementation of vertical
through low-level simulation, and (b) a particular system simulation for a class of applications. Section V has con-
sub-componentis to be simulated at a fine granularity, takcluding remarks.

ing into account system-wide effects such as those men-

tioned above. A high level estimation methodology and . THE MILAN P ROJECT
a feedback mechanism, explained in detail in Sections Il _ _
and IIl, helps in achieving both these objectives. The focus of the MILAN project [2] is on develop-

. . . . . . ing formal modeling paradigms that will enable simulator

Vertical simulation will typically be useful in the later jyseqration and efficient application-to-architecture map-
phase of the design cycle, when high-level, system-wide,; 0" through automatic design space exploration. MI-
performance estimates for a particular mapping are to bg A\ adopts Model Integrated Computing (MIC) [18] as
refined through low-level simulations. High-level simula- the core design technology (Figure 2). MIC is especially
tions are coarse-grained approximations which yield very, .5 ,aple for the design of computer-based systems with
rapid results with possible compromise in accuracy. LOW- gqn g interdependence between the hardware and the soft-
level simulations typically are highly accurate but are time |, - . components. By formally modeling all aspects (ap-
consuming. Hierarchical simulation with interpretation of plication, resource, behavior, constraints, etc.) of a system
simulation.result_s allows the user to exploit the trade-offs ;. using well-defined rules to generate new systems or
between simulation speed and accuracy of results. manage existing ones, it is possible to avoid the errors that

MILAN focuses primarily on integration of simulators arise when requirements change and the system has to be
for Instruction Set Architecture (ISA) based processorsredesigned or re-implemented. While the initial modeling
(e.g. RISC, DSP), application-specific cores, configurableeffort might be costly compared to ad hoc approaches, the
logic (e.g. FPGA), memories, and interconnects. Numer-benefits are apparent for a system that evolves over time.
ous commercial platforms targeted towards communica- An environment that supports the MIC allows the de-
tion and networking applications, have been introducedsigner to create domain-specific models at the required
lately. A typical platform is shown in Figure 1. The Uni- level of abstraction, validate these models, and perform
versal Microsystem (UMS) [8], the Reconfigurable Com- various computational transformations on them (Figure 2).



Generc Modelng tive. The graphical interface is provided by GME config-
(GME) ured to support the modeling paradigms developed for MI-
} LAN. Semantic information in the modeling paradigms is
woptcation | [ oo | [ resource captured through metamodels. The metamodels configure
Models Models the GME for creating domain-specific models. Following
K I models for the design of embedded systems based on SoC
® Design-space ® architectures are currently supported in MILAN.
»\ e / Resourcanodels [3] describe available hardware com-
Funcional | o[ g Lo ponents and their interconnectivity in a hierarchical block
. @-\ ,@ . diagram-like notationApplicationmodels are based on a
Q) . ¥ D) . hierarchical signal flow representation with important ex-
\ v l N /' tensions. Most notably, the modeling language allows for
System Simulation the specification of explicit design or implementation al-
ternatives of any component. This enables modeling of the
entire design space of the application as opposed to a point
(D) Mol merreters sol_ution. To manage this de_sign space, applica}t_ion re-
Fig. 3. MILAN Architecture quirements, resource constraints, and other specifications
" are captured explicitly through OCL, in the metamodels.
Performancemodeling of SoC architectures involves char-
] o ) _acterizing desired performance metrics of a given map-
A metamodeis a formal description of the modeling envi-  ing in terms of architecture parameters. The performance
ronment's model construction semantics, i.e.ri@eling  ygdel leverages from prior USC work in high level perfor-
paradigm Syntactically and semantically correct models jance models for traditional and reconfigurable architec-
are created using modeling paradigms. The metamode},res [1][14]. Thecommunicatiomodel provides a com-
defines the syntactical building blocks available to the de-y,q1 formalism to enable inter-operability of simulators
signer for describing (instantiating) the system. It also de-yat represent the same information in different formats.
fines the domain-specific composibility rules and the con- The design-space exploration and pruning tool takes the
strair_lt.s that enforce some of the semantics in the SySterBotentially very large design space and applies the con-
specification. Model interpreters are the software COMpPO4ints ysing a symbolic constraint satisfaction technique
nents that translate the models for use in the MILAN exe-(, finq the set of solutions that satisfy all the constraints.
cution environment. A model database is a key componeniryg 4] of design space exploration is to identify a small
that stores the models and the translated information in &, ,ber of valid candidate designs.
canonical form that provides a common representation for MILAN supports an estimation methodology that in-
the information that are used in driving various simulators.tegrates various component-specific performance models
The model database also stores the simulation results. (power, time) and enables system-wide performance eval-
The Generic Modeling Environment (GME) [10] is @ uation. The methodology is based on a high level system-
configurable graphical tool suite supporting MIC. The wide performance model to evaluate complex application
configuration of the environment to support domain- to architecture mapping choices and different schedules of
specific modeling is performed in a formal manner throughexecution. Although, ideally a low-level (detailed) system
the use of metamodels. The metamodeling language is th@jide performance model can be defined, it is impractical
UML class diagram notation [5]. Well-formedness rules since diverse architecture features (reconfigurable vs. cus-
that are also part of the metamodels are specified usingomized logic, variable vs. static parameters etc.) can-
the Object Constraint Language (OCL). These constraintspot be captured uniformly. Moreover, simulations based
along with the syntactical rules of the domain language,on it will be cost (time) intensive. The design otigh
are enforced by the automatically generated target envit evel Performance EstimatdiHiPerE) based on a high
ronment. MILAN exploits the MIC technology to con- |evel performance model is motivated by these issues.
figure an environment tailored for embedded system de- \jLAN supports different classes of simulators, besides
sign, evaluation, and optimization. The framework incor- the HiPerE. Functional simulators (e.g., MATLAB or Sys-
porates power as an important design metric. Power estitemC), verify the functionality of the application. Several
mation and optimization is supported through integration|ow-level simulators (power, performance) will be sup-
of existing component specific power simulators, based omported in future. The HiPerE along with the low-level sim-
system-wide power models. ulators integrated in MILAN facilitates multi-level simu-

Figure 3 shows the architecture of MILAN and also lation, which exploits the trade-off between the accuracy
depicts the system design flow from the users’ perspecof results and the simulation speed.



I1l. HIERARCHICAL AND VERTICAL SIMULATION User

v

MILAN has the following capabilities to assist applica- e
. e . . . System Specification
tion development under a unified simulation environment.

« Simulator Integration Integrating multiple component
specific simulators and driving these simulators with dif-
ferent input/output formats using a single system specifi-
cation is defined as Simulator IntegratioriThe system

is specified in terms of application and resource models,
and end-to-end performance requirements. The models are
stored in the model database that enables seamless simula:
tor integration by providing a common information reposi-
tory. The model interpreters translate this information into
the syntax and the semantics of the inputs required to drive
the simulators.
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« Hierarchical simulator integration “Hierarchical” v L v
refers to multiple levels of abstraction of the models de- Vertical

L . . . . . . . Simulation
scribing the system. Hierarchical simulation implies sim-

?

Low level Simulators

ulating the system or a system sub-component at differ-
ent levels of abstraction and implementation. Thus, pro-
viding hierarchical simulation capability for a particular

task-to-resource mapping means providing the user with a Model Interpreters
choice of simulators for that resource, at different levels of (@ driving simulators
granularity (assuming they are integrated into the frame- (1) feedback
work). Simulator integration of component-specific or

system-wide high level and low level simulators is termed Fig. 4. Hierarchical Simulation Framework

as hierarchical simulator integrationHigh-level simula-

tors are typically based on a few key parameters of the sys-

tem (or system sub-component) and are designed to proa mechanism to refine a system sub-component or the end-
vide rapid performance estimates, possibly at the expensm-end performance estimates of a candidate mapping.

of accuracy. Low-level simulators (such as cycle-accurateThe HiPerE system-wide performance estimation method-
simulators) are highly accurate but can require an order oblogy does not rely on cycle-accurate simulation of a given
magnitude more simulation time and a much larger set ofapplication on the target resource at the time HiPerE is in-
input parameters to be specified, compared to high-leveloked. The HiPerE requires pre-characterized costs from
simulators. The hierarchical, block-diagram like specifi- experimental results, vendor-supplied information for li-
cation of the resources themselves also provides differenbrary components, or any other “offline” method. In the
levels of abstraction corresponding to the different gran-later stages of the design cycle, simulation time will be
ularities of resource representation required by high-levelof less concern because the design space would have re-
and low-level simulators. ducedto a smaller, manageable set of mappings that satisfy
« Vertical simulation Hierarchical simulator integration broad system requirements. In the first design scenario as
enables the simulation of a system sub-component (a tasknentioned above, the designer will be interested in refin-
mapped onto a compute resource) at different levels ofing the HiPerE estimates for a given mapping, by running
granularity, using any of the integrated simulators for thatlow-level simulations for selected components. The model
component, thereby allowing the designer to exploit thedatabase not only stores the models but also the data values
simulation time vs. accuracy of results trade-off. There areprocessed by the system sub-component, and the results of
two scenarios when stand-alone, multi-granular simulationsimulation. One of the crucial information required for in-

is not useful: (a) when the designer is interested in refiningvoking any simulator is the incoming data set(s), which
high-level estimates of a particular mapping, provided byform a stimulusto the system sub-component (a task-to-
HiPerE, and (b) when the designer wants detailed and recompute resource mapping). The stimulus is obtained ei-
alistic statistics about a particular system sub-componentther through functional simulation of the application or by

A meaningful interpretation of the results of hierarchical using data generator scripts for the predecessor tasks in
(multi-granular) simulation, in the system-wide context is the path of application execution. These methods are ex-
defined as vertical simulatioVertical simulation uses the plained in detail in Section IV. Since the simulation results
hierarchical simulator integration capability and provides are also stored in the database, simulating a component at



low-level implies updating the performance cost associ-formats for driving the integrated simulators. Hierarchical
ated with it. By invoking the appropriate low-level sim- simulation is facilitated through this mechanism, as ex-
ulator, updating the performance costs, and then invokingplained in the previous section. This section outlines ver-
HiPerE, refined estimates can be obtained (for the first scetical simulation implementation for a simplified scenario.
nario). This bottom-up feedback needs model interpreterd~ollowing assumptions are made.
that can suitably interpret the low-level simulation results « Application is modeled as a Directed Acyclic Graph
and update the model database. (DAG). Each vertex in the DAG represents a task and
The second scenario is much more challenging becausedges between the vertices represent the data transfer be-
it requires a top-down feedback from the HiPerE to en-tween the tasks. Every task in the DAG is “atomic”. This
able realistic low-level simulation, as against the bottom-means that a task cannot be further decomposed into sub-
up feedback from the low-level simulation results for re- tasks. If the task is dependent on data from multiple tasks,
fining HiPerE estimates. A realistic simulation is one that we assume that the task is activated (simulated) when the
provides performance statistics closest to those exhibitediata from all its predecessor tasks (the stimulus) in the
by the final system when it is deployed in the real world. DAG is available.
Two of the important considerations in arriving at such re- « Currently, the data processing rate by all the tasks is as-
alistic low-level simulation results are the availability of sumed to be same and constant during the entire execution
realistic data values that will be processed by that task, an@f the application. There is no change in the rate of pro-
modeling of system-wide effects such as input/output de-cessing dependent on a control data.
lays due to sampling rates of sensors, constraints on buffe§ Resources consist of compute resources (RISC core,
size, etc. Although the HiPerE and low-level simulation FPGA, etc.), storage elements (memories), and communi-
results are both stored in the model database, a commogation channels (buses). Explicit communication through
respository by itself is not sufficient to help the user get athe channels occurs between the compute resources.
realistic set of performance statistics for a particular task,. The task-to-resource mapping and the schedule of exe-
with system-wide effects taken into consideratigertical cution of the tasks on the compute resources together de-
simulation techniques are required to meaningfully inter- fine an execution model for the application. Only one task
pret low-level simulation results with top-down feedbackis executed on a compute resource at any time. There is
from the HiPerE The next section addresses this issue inno resource sharing with others tasks during the execution
more detail. i.e., the tasks do not compete for resources such as com-
There is another aspect to integrating simulators that ispute cycles, memory etc. The preceding (and succeeding)
outside the scope of the MILAN project. When more than tasks in the schedule can however be executed on the same
one component-specific low-level simulators are invokedresource. Since there is no concurrent execution of the
simultaneouslynd system-wide performance is evaluated tasks on the same resource, the results of stand-alone sim-
through real-time interaction among the different simula- ulation (that typically does not model concurrency and re-
tors, the capability is termeldorizontal simulation Al- source sharing) accurately represent the computation cost
though horizontal simulation, if implemented “correctly”, of the task being simulated.
can accurately simulate the actual interaction among sub- A linear task graph with only one task mapped onto a
components, concurrent execution of component-specifieompute resource at a time, trivially satisfies the assump-
simulators poses multitude of challenges. For exampletions under the application and the execution model. The
most widely-used simulators are not designed to interact atequential data dependence between the tasks satisfies the
run-time, with other systems. Modifying such simulators requirement that the stimulus (consisting of just one data
can prove to be time-consuming and not always feasiblevalue) is available before the task is initiated.
Specifying a common API for simulators to conformto, is  For vertical simulation, the user selects a particular task
an equally challenging task. Finally, there are simulationand an associated low-level simulator for the resource onto
speed (time) issues that can arise when simulators have t@hich that task is mapped. Invocation of a simulator re-
synchronize, say, at every cycle. quires the following inputs: (a) The stimulus (the incom-
ing data set to the task) (b) the simulator configuration
parameters, and (c) an appropriate implementation of the
task (e.g. C code for a RISC simulator or a VHDL code
Using the MILAN modeling paradigms, the system for an FPGA simulator). These three inputs are provided
designer specifies the target application, underlying re-by the model interpreter.
sources, the task-to-resource mapping, a schedule of ex- The stimulusS; to a taski denoted by vertek;; is mod-
ecution of the tasks, and performance constraints. The ineled by two vectorsS; = [{d, d}, ..., dL}, {ti,t5, ...t} }],
formation is stored in the model database, and model interwhered’ represents input data valug,represents the ar-
preters extract this information and translate it into suitablerival time of the value, and is the in-degree of;. The

IV. VERTICAL SIMULATION : A SIMPLE
IMPLEMENTATION



ators only for its immediately preceding tasks. Functional

simulation is still preferable, because the computation cost
Q of a task is most accurately obtained through simulation

that uses data values generated during the actual applica-

Vs

) Step I Input DAG G tion execution. For example, consider an image processing

application. Computation of the correlation coefficients

/.‘—O for an image vector depends on the intensity of the pixels,
4_. i \C)% which in turn depends on the relative distance on the RGB
R / color scale. Generating dummy vectors that represent ac-

. tual images “seen” by the system in the real world can be

(6) Step I: Back raversal 1o the difficult or even impossible.

e eresagedoes While the stimulus obtained through functional simula-
tion and generator scripts is stored in the model database,
some typical data values generated during prior applica-

1 o tion development, and tested for the worst or the best case
performance satisfaction can as well be stored. These can
be reused for the current application development process
as stimulus for low-level simulations.
Once the stimulus is obtained, the appropriate low-level
Q simulator is invoked. The results from low-level sim-

={dy, d3}

(c) Step IlI: Functional Slmulallon

g ulation need to be suitably interpreted and used to up-

< date the computation costs associated with the task in the

N model database.This is a bottom-up feedback mecha-
nism, where results from low-level simulation are used to

Dmabase obtain more accurate system-wide performance estimates
?;;T“C'gge D through HiPerE Stand-alone simulation of a task, how-
°§§,‘Em“;?§,°: e ever, does not model the system-wide effects on task exe-
Fowlevelsmutatr cution, such as input/output delays due to sampling rates
() Step V: Low fevel simulations of sensors, constraints on buffer size, etc. The simulation
Fig. 5. Steps for vertical simulation also does not capture the state of the processing element

between task executions. For example, the cache contents

after a task completes execution affect the initial memory
rate of arrival and the data values are crucial for realis-access costs (compulsory misses) for the next task that ex-
tic simulation of the task. Our simple vertical simulation ecutes on the same resource. These access costs will be
technigue focuses on task latency and not throughput, i.eavailable through HiPerE and will also be stored as a stim-
the arrival rate of data at a node is not currently modeledulus in the database. However, this stimulus is required
For determining the stimulus, the following method is used with the output of the low-level simulation#liPerE pro-
(see Figure 5). vides such top-down feedback necessary for system-wide

The task to be vertically simulatéld,;, and the input interpretation of the low-level simulation result$he es-
vertexV; for the entire application are marked in the ap- timates of system-wide effects provided by HiPerE, such
plication DAG GG. To determine all data flows that lead as input/output data delays, are used in conjunction with
from V; to V., the direction of the edges is reversed and stand-alone simulation results to arrive at more accurate
the graph is traversed starting frof,. All the vertices  performance statistics for the system sub-component. The
on all the paths leading frorii,s to the input vertexy; issues in implementing vertical simulation for a general
are determined. Functional simulation is then performedscenario are discussed in Section V.
for all these vertices (tasks) according to the dependencies The vertical simulation outlined above is being imple-
specified by the original graghi, and the data stimulus for mented in MILAN. The MILAN application modeling
Vys is Obtained. paradigm allows graphical representation of the target ap-
Another method for obtaining the stimulus is requiring plication as a DAG, with task implementations specified

the user to associate a script with every task. This scripfor each node of the DAG (C source code, HDL implemen-
generates “dummy” output that represents the actual outtations, etc.). The current version of the resource modeling
put, had the task been executed with real input data. Ifparadigm is capable of representing uniprocessor architec-
such scripts are provided, obtaining the data stimulus for @ures as modeled by the SimpleScalar simulator [17], a
specific task will involve executing the dummy data gener- prototype integration of which has been completed for MI-



LAN. Currently, for specifying task-to-resource mapping, VI. ACKNOWLEDGMENTS
a task node in the application graph is explicitly associated We would like to thank Amol Bakshi (USC), Sumit Mo-
with the underlying resource label. MATLAB has been hanty (USC), and Akos Ledeczi (ISIS). Amol provided in-

integ[)e.llt.gd int;) MILAN forgrnctional sinf1u|atipn. ”Thgse valuable feedback on simulator integration, and hierarchi-
capabilities of MILAN enable a user to functionally Sim- 5| 5jmjation integration aspects of MILAN (the subject

ulate the entire application, and perform low-level simula-
tion for a selected task-resource pair. Vertical simulation
as described previously, requires additional capabilities
that are being implemented. These include graph traver-
sal from the specified node in the direction of the edgesy;;
functional simulation of an application sub-graph, design
and implementation of model interpreters for bottom-up
feedback, etc. A preliminary design of HiPerE has been
completed, and implementation is under progress.
Vertical simulation for application development pro-
vides the capability to perform multi-level simulation for a (3
particular application-to-resource mapping. The designer
can evaluate hardware vs. software speedup for a task a
can change the mapping for that task only, or for the en-
tire system if desired. An FFT algorithm implemented as
Decimation in Time and Frequency (DITF) is less compu- 5
tationally intensive (in terms of floating point operations) [g]
as compared to DIT or DIF radix-2 implementations [4].
A designer can evaluate the end-to-end performance eny
hancements using such alternate algorithmic implementags]
tions. [9]

(2]

(10]

V. CONCLUDING REMARKS

cal and vertical simulation, and a simple implementation in

the context of MILAN. Some important issues that are ap-[14]
plicable in a more general scenario remain to be addresseqi_ts]
A few of the important characteristics of the general sce-[16]
(17]

« Tasks are executed concurrently on the same resource.(;gj

nario are:

« The latency and throughput of a task change depending
on control data. This in turn, affects the rate of availabil-
ity of data to the data dependent tasks in the application
execution.

« Communication between compute resources is through
different mechanisms, such as global memory. This im-
pacts the end-to-end latency, power consumption, etc.

We are currently enhancing HiPerE to address the is-
sues in the general scenario. The feedback mechanism
(bottom-up and top-down) as discussed in the paper will
be implemented and enhanced. This will involve writing
appropriate model interpreters. In future, the refinement
of the high level model parameters themselves will be per-
formed, based on low-level simulation results. We envi-
sion that our framework will address the system level de-
sign challenge facing the SoC community by providing an
accurate mechanism to evaluate interactions between SoC
components at various levels of granularity, by exploiting
the simulation time vs. accuracy of results trade-off.

[11]

This paper discussed the concept and need for hierarchﬁ%}

of this paper). Sumit provided inputs on HiPerE, and Akos
‘provided inputs on the MILAN architecture.
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