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Abstract: Multi-Processor Systems-on-a-Chip (MPSoCs)
provide sufficient computing power for many applications
in scientific as well as embedded applications. Unfortu-
nately, when real-time requirements need to be guaran-
teed, applications suffer from the interference with other
applications, uncertainty of dynamic workload and state
of the hardware. Composable application/architecture
design and timing analysis is therefore a must for guar-
anteeing real-time applications to satisfy their timing re-
quirements independent from dynamic workload. Here,
Invasive Computing is used as the key enabler for compo-
sitional timing analysis on MPSoCs, as it provides the re-
quired isolation of resources allocated to eachapplication.
On the basis of this paradigm, this work proposes a hybrid
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application mapping methodology that combines design-
time analysis of applicationmappings with run-timeman-
agement. Design space exploration delivers several re-
source reservation configurations with verified real-time
guarantees for individual applications. These timing prop-
erties can then be guaranteed at run-time, as long as dy-
namic resource allocations comply with the offline ana-
lyzed resource configurations.
This article describes our methodology and presents pro-
gramming, optimization, analysis, and hardware tech-
niques for enforcing timing predictability. A case study il-
lustrates the timing-predictable management of real-time
computer vision applications in dynamic robot system
scenarios.

Keywords: Hybrid application mapping, composability,
predictability, networks-on-chip, design space explo-
ration, robot vision.

ACM CCS: Computer systems organization → Embedded
and cyber-physical systems, Computer systems organiza-
tion → Real-time systems

1 Introduction
The increasing number of heterogeneous resources avail-
able in multi-processor system-on-chips (MPSoCs) ad-
vances advances to run multiple applications in a single
chip. This is required in various domains ranging frommo-
bile and multimedia devices to control units in robotics,
automotive, and avionics. A particular challenge arises
when some or several of the executed applications have
real-time requirements which state bounds on their exe-
cution time. In this case, it is necessary to give guarantees
already when designing the system that requirements are
always met when running [29]. The underlying concept is
timing predictability that enables to analyze, predict, and
bound the execution time of applications already at de-
sign time. However, this is a challenging task, particularly
when executingmultiple applications on the same system.
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Some resources inevitably are shared between different
applications. This leads to applications interfering with
each other and thus influencing each others’ execution.
When applications are not running all the time but are dy-
namically activated and deactivated in dependence of in-
ternal or external events, an enormous amount of system
scenarios of concurrently executed applicationsmay exist.
In this case, the timing requirements of real-time applica-
tions have to be satisfied in spite of scenario-dependent
interference with other applications. However, the num-
ber of possible scenarios grows exponentially with the
number of applications, making the analysis and design
process a tedious and time-consuming task.

As a remedy, the concept of composability has become
prominent [2]. A composable design allows to analyze the
execution properties of one application already at design
time without knowing the other applications. As a conse-
quence, development teams can design applications inde-
pendently, and thus also perform timing analysis for each
application separately. This significantly reduces the effort
of verifying the real-time properties of the system as not
all possible scenarios have to be tested. Rather, the system
designer assembles the system by combining the verified
software components at design time [10].

A problem of this static design approach is, however,
that in emerging MPSoCs, temporary or even permanent
changes in state and availability of hardware resources is
expected to be experienced more often. First of all, power
and temperature management have to perform dynamic
voltage and frequency scaling or power gating of process-
ing elements to stay within the thermal design power, as
described in [16] (which is also part of this special is-
sue). Furthermore, hardware faults might occur more of-
ten thus making resources temporally or, due to manu-
facturing variability and aging, evenpermanently unavail-
able (cf. [13]), as detailed [15] (part this special issue). It is
not possible to cope with these situations by static appli-
cation mapping. Rather, run-time management strategies
are required that enable a dynamic re-mapping of appli-
cations onto available resources to react to spontaneous
changes in state or availability of power-managed or faulty
resources. Different to self-adaptive approaches like Appli-
cation Heartbeats [14], this re-organization of the system
has to happen in such a way that all requirements are still
guaranteed afterwards.

This article proposes Invasive Computing [25] as the
key enabler for compositional timing analysis and exe-
cution of applications on MPSoCs with changing states
of hardware resources. Invasive Computing enables to ex-
clusively reserve hardware resources for applications at
run time. In this article, we present a methodology that

enables a run-time management based on this isolation
of resources allocated to each invasive application. The
strength of our approach is that it is also able to manage
and re-map timing-critical applications by exploiting the
concept of composability at run-time. In this paper, we fo-
cus on stream processing applications that are very typ-
ical in signal, audio, and image processing. This article
presents ourmethodology andpresents programming, op-
timization, analysis, and hardware techniques for enforc-
ing timing predictability. We evaluate our approach by us-
ing a case study from robot vision.

2 Methodology overview
Our methodology follows a hybrid application mapping
(HAM) approach [26], which combines design time analy-
sis with run-timemanagement of applications. In an inva-
sive architecture, constituting anMPSoC of heterogeneous
compute tiles connected by a network-on-chip (NoC), var-
ious mappings onto different resource constellations are
possible. The idea of HAM is to identify those constel-
lations that fulfill given timing constraints and possible
other user requirements at design time. This information
is then used for mapping of applications with timing guar-
antees at run time.

The related work on HAM can be classified by the on-
chip communication infrastructure they support. The ap-
proaches from [23, 27, 30] deal with spatial isolation by
assignment of exclusive budgets of the MPSoC’s compute
tiles, however, ignoring communication details. The ap-
proaches in [19, 24] consider dedicatedpoint-to-point com-
munication between compute tiles via a circuit-switched
interconnect. However, providing dedicated connections
between all pairs of compute tiles is not practicable in
MPSoCs with tens or even hundreds of tiles. The only
HAM technique known to us for being also applicable for
MPSoC using packet-switched NoCs is proposed in [26]. In
the work at hand, we describe in detail how to apply this
methodology for predictable computing on invasive archi-
tectures. Figure 1 illustrated the respective design flow.

Based on a formal model of an application and the
target platform, our design flow generates different ap-
plication mappings and evaluates each of them with re-
spect to a set of quality numbers like the average-case or
worst-case energy/power consumptionandexecution time
during an optimization phase called design space explo-
ration (DSE). The result is a set of resource constellations
called operating points. DSE is performed in an optimiza-
tion loop to obtain application mappings that use as few
resources as possible and optimize the quality numbers.
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Figure 1: Overview of the methodology for predictable
hybrid application mapping of applications with
predictable timing and other non-functional
requirements onto tile-based MPSoCs.

Furthermore, user requirements can be imposed by speci-
fying constraints on quality numbers. Therefore, only op-
erating points with quality numbers fulfilling these con-
straints constitute the set of optimized mappings. In case
of real-time applications, requirements in form of con-
straints on the execution time or throughput are specified.

This mapping constellation information is then used
by the run-timemanagement to find a concrete application
mapping at run time. Each time a real-time application is
activated, the run-timemanagement checkswhether a fea-
sible application mapping exists that corresponds to one
of the operating points with verified timing guarantees.
Only in this case, the application is started according to the
resource constellation corresponding to that point. In case
the constellation of active applications changes, i.e., the
system scenario, or power/temperature management or
fault handling alter the state and availability of resources,
the run-timemanagementmight react by also adapting the
mapping of already running applications to the new envi-
ronment. Also in this case, the operating points serve as
the foundation for making this decision.

In Section 3, introduce an actor-based approach for
application modeling and analysis for the proposed de-
sign flow. Section 4 presents the basic concepts of Invasive
Computing for providing timing-predictability and com-
posability. Section 5 gives an overview of the application
characterization at design time, which provides the input
for the run-time management described in Section 6. Sec-
tion 7 evaluates the design flow for a robot vision case
study, before Section 8 concludes this article.

3 Actor-based application
modeling

Thedesign-timepart of ourmethodology relies on a formal
model of applications and the target platform, which we
specify in the following.

3.1 Actor model

Actor-oriented programming models provide a viable
means to realize pipelined stream processing. Concurrent
actors process the stream and exchange data by sending
messages over channels. An actor-based application can
be modeled by a bipartite graph 𝐺

𝑎
= (𝐴, 𝐶, 𝐸), with ver-

tices 𝐴 denoting the concurrent actors, vertices 𝐶 repre-
senting channels for exchanging data between actors and
directed edges 𝐸 ⊆ (𝐴.𝑂 × 𝐶) ∪ (𝐶 × 𝐴.𝐼) that connect
actor outputs 𝐴.𝑂 and respectively actor inputs 𝐴.𝐼 with
the channel for realizing the data exchange. Figure 2 illus-
trates the actor graph of a stream processing application
with six actors that serves as a running example through-
out this article.

We have implemented the actor model in the pro-
gramming language X10. This is a modern parallel pro-
gramming language to program scalable multi-core sys-
tems due to the support of partitioned global address
space (PGAS). Our implemented actor library, called ac-
torX10 [20], enables to implement formal actor models as
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Figure 2: Example of an actor graph.

exemplified in Script 1. First, the actors belonging to an ap-
plication are declared (line 3–6), and then the actor graph
is built (line 18) by adding all actors (lines 21–23) and con-
necting their inputs and outputs to realize the channels
(lines 25–28).

In actor-based modeling, scheduling rules must be
specified for how and when actors can be activated (fired)
to perform computations. This is a prerequisite for being
able to analyze executionproperties suchasdeadlock free-
dom but also end-to-end latencies. The ActorX10 library
supports the flexible definition of arbitrary firing rules.
For our following timing analysis, however, we restrict

Script 1: Example of an actor graph generation and execution in
actorX10.

the firing rules of actors to follow the semantics of Syn-
chronous Data Flows where an actor is enabled for fir-
ing once more than a statically known number of data is
available on each of its inputs in which case also a stati-
cally known number of data is produced on each of its out-
puts when firing. After finishing its computation, the actor
writes the respective results on its output channels, thus
eventually triggering the execution of successor actors.

3.2 Constraints and user requirements

The run-time management used in Invasive Computing
provides a constraint system for applications to specify
their resource needs. The existing constraint hierarchy [4,
31] enables the formulation of constraints in the X10 pro-
gramming language todemand resources, and to adapt the
degree of parallelismby dynamically expanding or shrink-
ing the set of claimed resources [5]. However, it might be
difficult or even impossible for a programmer to specify by
hand constraints onnumber and type of resources in order
to achieve thedesiredquality of programexecution. There-
fore, Invasive Computing allows the programmer to spec-
ify so-called requirements on quality numbers rather than
constraints on resources. Script 1 shows an example, illus-
trating requirements regarding lower and upper bounds
on end-to-end latency and throughput (lines 10 and 11),
on probability of failures per hour (line 13), on power con-
sumption (line 15), as well as a security requirement (line
17). Soft requirements should be satisfied but infrequent
violations are tolerated. Whereas, hard requirementsmust
never be violated. Details on security and reliability re-
quirements can be found in [9] and [15].

3.3 Invasive heterogeneous MPSoCs

The methodology targets heterogeneous multi-tile archi-
tectures. Invasive architectures (see, e.g., Figure 3) in-
clude heterogeneous compute tiles (a) with RISC cores,
(b) with tightly-coupled processor arrays (TCPAs), or
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Figure 3: Example of
mapping and routing of
an actor model.

(c) with invasive cores (i-Cores). Each tile provides its
own tile-local memory (TLM) for storing local program
code and data of actors bound to it. Tiles are connected
to a network-on-chip (NoC) via network interfaces. The
NoC consists of routers that are interconnected by a 2-
dimensionalmesh and each tile’s network interface is con-
nected to an adjacent router. This enables the communi-
cation between any pair of tiles. The distance of the route
between two tiles is determined by the hop count, which is
the number of routers along the route.

4 Analyzing stream processing
applications on invasive MPSoCs

For being able to give guarantees regarding a Latency re-
quirement, it is important to bound the worst-case end-
to-end latency for finishing one execution or iteration of
the actor model, this means how long it takes to process,
e.g., one input signal, audio sample, or image frame, from
the source actor to the sink actor. Obviously, the execution
properties of an application depend on its mapping onto
the available computing and communication resources.
Using the proposed actor model, this can be formulated as
the binding of actors to the tiles of the architecture and the
routing of the channels over the NoC links. Figure 3 shows
an example of mapping the graph from Figure 2.

Our approach for determining the worst-case end-to-
end latency of an application is based on a compositional
timing analysis, where the task is to find the path of ac-
tors and channels through the actor graphwith the longest
combined response times. In case of single-rate¹ specifica-
tions, the end-to-end latency of anypath of the actormodel
is equal to the sum of the worst-case response times of
all actors plus the worst-case response times of the mes-
sages exchanged via channels between actors of the path.
The worst-case end-to-end latency then corresponds to the

1 An actor graph is called single rate, if during one iteration, each
actor fires exactly once.

latency of the critical path, i.e., the pathwithmaximal end-
to-end latency. Only if this latency is lower than the upper
bound specified in the user requirement, this mapping is
called feasible.

The worst-case response time of an actor depends on
the type of the target resource it is bound to. Whereas,
the worst-case response time of a message depends on the
length and available bandwidth of the route through the
NoC. For being able to determine them during design time,
two concepts are necessary [2]: predictability and com-
posability. Predictability means that it is possible to give
an upper bound of the worst-case response times of ac-
tor executions andmessage transmissions that are guaran-
teed to not being exceeded. Whereas composabilitymeans
that this analytically derived bound will not change even
when the application is executed together with other ap-
plications in the same system. In the following, we de-
scribe how to derive the worst-case response times of ac-
tors on compute tiles and message transmissions on the
NoC based on those two concepts.

4.1 Timing analysis on RISC tiles

Invasive Computing obtains composability on compute
tiles by assigning a tile exclusively to at most one appli-
cation, i. e., only actors of the same applications may be
executed on the same tile. This enables to perform one in-
dividual analysis per application (as in Figure 1) as no re-
source sharing of one tile between different applications
happens. Instead of static approaches, Invasive Comput-
ing performs a dynamic and exclusive reservation of tiles
per application at the time of invasion [25]. This isola-
tion of applications enables to apply static timing analy-
sis for tiles with standard RISC cores [3], as there is a se-
ries of well-established static timing analysis tools like aiT
(Absint), OTAWA, Chronos, etc. [29].

4.2 Timing analysis on i-Core tiles

An actor, as part of a stream processing application,
typically consists of one or more kernels, i.e., compute-
intensive loops which make up the main share of the ac-
tor’s execution time. The recurring operations of kernels
provide an opportunity for acceleration on application-
specific hardware. The i-Core takes this opportunity by in-
tegrating a reconfigurable fabric into the in-order pipeline
of a RISC core andby reconfiguring kernel-specific acceler-
ators onto this fabric at run-time. The time required to con-
figure an accelerator is called reconfiguration delay and is
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determined by the accelerator size and the reconfiguration
bandwidth. Several accelerators can be accommodated by
the fabric at once and they are executed by means of in-
struction set extensions. The instruction set architecture
(ISA) of the i-Core consists of:
– Core ISA (cISA): Instructions provided by the in-order

RISC pipeline.
– Special Instructions (SIs): Complex multi-cycle in-

structions for computations on the TLM using accel-
erators on the fabric. An SI is only executable if all of
its required accelerators are configured.

– Instructions for reading/managing the fabric state.

Overall, SIs and their run-time reconfigurable accelerators
pose new challenges for static timing analysis and pre-
dictable execution. They are a new type of multi-cycle in-
structions with memory access and their availability for
execution depends on the dynamic fabric configuration,
which depends on the execution history.

Static timing analysis is performed on the control flow
graph (CFG) of the application binary. Reconfiguration of
accelerators for speeding up an upcoming kernel is initi-
ated in a basic block immediately before entering the ker-
nel. Analysis of this basic block yields the reconfiguration
delay per SI. A simple technique to perform analyzable re-
configuration is to stall execution for the whole reconfigu-
ration delay of all SIs and only then enter the kernel. How-
ever, this slow but analyzable stalling affects the perfor-
mance gain, as the reconfiguration delay of an SI is in the
range of milliseconds. It only amortizes if the kernel ex-
ecutes for a duration significantly longer than the recon-
figuration delay, which is typically not the case for actors
that switch between multiple kernels. Instead of stalling,
the otherwise idle RISC pipeline of the i-Core can be used
to execute a software emulation of the SIs during the re-
configuration delay. This is achieved by the SI Invocation
construct shown in Figure 4, where a conditional branch
either executes the SI on the fabric or functionally equiva-
lent cISA code on the pipeline.

Using SI Invocations, configurations can happen in
parallel to SI execution, i.e., execution of a kernel starts
in software only (without accelerators), at some point in
time (in some iteration) accelerators finish configuration
and succeeding kernel iterations are sped up. Consider the
timeline in Figure 5 for a kernel with 𝑛 iterations utilizing
two SIs.When entering the kernel, all SI Invocations of the
first iterations are executed using cISA code. Reconfigur-
ing the accelerators required by SI

1
finishes at 𝑡

𝑟
1

. Begin-
ningwith iteration 𝑖

1
, SI Invocations of SI

1
use accelerators

on the fabric and benefit from a much lower run-time per

SI  
Invocation 

Figure 4: i-Core kernel model for static timing analysis in the
presence of run-time reconfiguration of special instructions.

Figure 5: Kernel with two SIs running on the i-Core, performing
reconfiguration in parallel using software emulation. The first
iterations are executed in software only, while hardware-accelerated
SIs become available consecutively after their reconfiguration delay.

iteration. In parallel, reconfiguration proceeds until at 𝑡
𝑟
2

all accelerators for SI
2
are available. Beginning with itera-

tion 𝑖
2
, the remaining iterations of the kernel are sped up

even more as additionally to SI
1
, all SI Invocations of SI

2

are now executed on the fabric.
The challenge is to statically determine the worst-case

iteration 𝑖 at which an SI can safely be assumed to be exe-
cuted in hardware. A safe, but imprecise execution time
bound can be obtained by assuming that all SI Invoca-
tions branch to the unaccelerated cISA code. While this
would result in speedups at run-time, the execution time
bound would be as high as not using accelerators at all.
To obtain a safe and precise bound yielding speedups, the
worst-case iteration 𝑖

𝑘
for every SI 𝑘 in which its reconfig-

uration finished and the SI Invocation utilizes the i-Core
fabric to execute the SI needs to be determined statically.
We do so by determining execution time bounds for all ba-
sic blocks in a kernel with existing timing analysis tools
extended by analysis for SI latencies. Once we know the
time bounds for all basic blocks, we can determine time
bounds for one iteration of the whole kernel depending on
whether specific SI Invocations branch to the SI or equiv-
alent software. Starting with a time bound WCET

1
for an
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iteration with cISA code only, we can determine 𝑖
1
as

𝑖
1
= ⌈𝑡
𝑟
1

/WCET
1
⌉ + 1

I.e., SI
1
is unavailable for ⌈𝑡

𝑟
1

/WCET
1
⌉ iterations and in

the following one we can assume it to be available. How-
ever, determining 𝑖

1
like this is not always safe andweneed

to consider more parameters to be able to support nested
loops and execution contexts for obtaining safe and pre-
cise time bounds of kernels utilizing run-time reconfigura-
tion. Details can be found in [7].

4.3 Timing analysis on Network-on-Chip

While each compute tile may only be invaded by a single
application, the on-chip communication infrastructure is
typically shared between applications to enable a flexible
binding of actors onto resources and realize their data ex-
change. However, this resource sharing inevitably causes
inter-dependencies between the applications which affect
their timing behavior andmakes static timing analysis dif-
ficult. In fact, static analysis is only possible in case of
a composable architecture so that the statically calculated
worst-case response times of messages of one application
do not change when concurrently executing further ap-
plications in the system. This can be achieved by tempo-
ral isolation, which means that a message is divided into
packets [6], and then a periodically available time win-
dow is reserved for each message to transport its packets.
Time division multiple access (TDMA) arbitration on NoCs
works with fixed window size and period [11], so that for
a given maximal message size, the worst-case response
time canbe calculated independently of any other applica-
tion. Feasiblewindow sizes and positions have to be deter-
mined for each message on each link. Generating a feasi-
ble TDMA schedule is a complex task [1], which cannot be
computed efficiently at run time. The technique can there-
fore not be used for achieving our goal of dynamic run-
time management.

As a remedy, physical links between adjacent routers
in our proposed NoC architecture are arbitrated in
a weighted round robin scheme [12] for transmitting the
packets of the different messages routed over it. In this
arbitration scheme, also an amount of time slots (one
slot for transmitting one packet) is periodically available
for the overall transmission over a link, and a budget of
time slots can be reserved for the transmission of a sin-
gle message. However, in contrast to a global synchronous
TDMA, only the amount of time slots and not their posi-
tions within one period are fixed. This enables dynamic
system management and increases the utilization while

NoC 
router

NoC 
router

Figure 6: Example of the worst-case response time for transmitting
a message of four packets via weighted round robin with four
periodic time slots. The arbitration interval 𝑆𝐿

𝑚𝑎𝑥
is four time slots

and the reserved budget is two slots per interval. In the example,
the allocated time slots are at the end of the interval which results
in an additional delay of two cycles per hop and arbitration interval.

still allowing to compute upper bounds for worst-case re-
sponse times [12].

An illustrating example is shown in Figure 6.Here, the
arbitration interval consists of four periodically available
time slots (𝑆𝐿

𝑚𝑎𝑥
= 4). Via the network interface of the

source tile (link A), a message with the size of four packets
enters the NoC and is transmitted over two NoC routers to
the target tile. Links B and Cmaybe shared with other NoC
traffic. When reserving a budget of two time slots, the two
slots are always available only at the end of the arbitration
interval in the worst case.

5 Application characterization for
predictable stream processing

The idea behind HAM is to statically generate multiple
mapping candidates each of which will guarantee a set
of user requirements at run time. These operating points
form the basis for run-time management to decide which
resources to reserve for the application depending on the
current resource availability in the system. The challenge
is that MPSoCs with tens or even hundreds of resources
(many-core systems) constitute a huge search space. How-
ever, at the same time,MPSoCsmay consist of a set of iden-
tical types of compute tiles that are present multiple times
in the architecture, which may even result in multiple re-
curringpatterns. In the following,wepresent a representa-
tion of application mappings that enables to capture such
symmetries.
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Figure 7: Constraint graph (a) representing the mapping from
Figure 3, and (b) a mapping which is also represented by the
constraint graph, and thus equivalent to the first mapping.

5.1 Symmetry-eliminating representation of
operating points

Each application mapping can be transformed into a con-
straint graph [26] which represents a full class of sym-
metrical mappings within the NoC which are all equiva-
lent to the original mapping regarding its quality num-
bers and timing guarantees. A constraint graph is a bipar-
tite graph consisting of (a) task cluster nodes, each repre-
senting a set of tasks that are all bound to the same com-
pute tile, and (b)message cluster nodes, each representing
the routing information of a set of messages which are all
routedalong the samepath in theNoCbetween the tasks of
two such task clusters. Each task cluster is annotated with
the resource type of the targeted compute tile for binding
its tasks. Each message cluster is annotated with the hop
length and the budget of time slots of the corresponding
NoC route. Figure 7(a) illustrates the constraint graph of
the example mapping in Figure 3.

5.2 Design space exploration

The overall goal of our design space exploration (DSE) is to
determine mapping options that (a) minimize the amount
of computation and communication resources required,
(b) optimizeobjectives like energy consumptionor average
performance (which can be determined analytically or by
means of simulation [21]), and/or (c) provide guarantees

on certain qualities of execution like end-to-end latency.
The result of DSE is, thus, a set of Pareto-optimal operating
points–each representing a concrete mapping option in
the sense of a constraint graph.

With the outlined symmetries that stem from the ar-
chitecture aswell as themapping possibilities of the appli-
cation, we developed a novel symmetry-eliminating search
space. This is achieved by reformulating the design-time
mappingproblem:Wedonot encode themapping of appli-
cation tasks to concrete resources. Rather, we employ con-
straint graphs as abstract representations of mappings. In
this representation, each solution covers a complete equiv-
alence class of concrete mappings with the same quality
numbers instead of concrete mappings. For example, the
constraint graph depicted in Figure 7(a) not only repre-
sents the concretemapping illustrated in Figure 3, but also
the equivalent mapping according to Figure 7(b). Due to
the composability of our architecture, bothmappings have
equivalent execution characteristics and obtainable qual-
ity numbers, and thus, the timing guarantees will hold for
all equivalent mappings.

Therefore, in the novel symmetry-eliminating search
space, we directly explore this structure, instead of de-
riving it from a concrete mapping as done in [26]. Thus,
some of these abstract structures may not have a feasi-
ble mapping on the concrete architecture. Our approach,
therefore, integrates formal feasibility checks that ensure
that each explored abstract representation has at least
one feasible mapping on the concrete architecture. This
way, our approach solves the same exploration problem
as state-of-the-art approaches, e. g., providing a worst-
case end-to-end latency, energy consumption etc., but
with a dramatically reduced search space. For testing this,
we have chosen the same applications from the Embed-
ded System Synthesis Benchmarks Suite (E3S) [8] as in [26]
and compared both approaches in terms of 𝜖-dominance–
a de-facto standard metric for the quality and diversity of
implementations in the presence of multiple objectives.
Given the fact that our symmetry-eliminating search space
approach aims at characterizing individual applications
which shall later share the architecture with other ap-
plications in a highly dynamic fashion, the results show
that this approach outperforms the approach from [26] sig-
nificantly, particularly delivering solutions of comparable
quality (latency, energy consumption etc.) while requiring
considerably fewer PEs. The latter is particularly impor-
tant since it enhances the flexibility and feasibility of the
application mapping at run-time.
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5.3 Invasive constraints for expressing
operating points

The result of characterization is back-annotated into the
source code by the compiler. This means that the program
code contains all information required for feasibly exe-
cuting the application, which complies with the resource-
awareness paradigm of Invasive Computing. For example,
our designflowwould replace the line 31 of the source code
in Script 1 by the code in Scripts 2 and 3. As the application

Script 2: Constraint graph from Figure 7 in code and resource
allocation at the end. The number literals specify number of cores,
hop count, budget, and quality number. After the invade method
call, the application either owns a sufficient set of resources for
timing predictable execution of one operating point or an exception
is thrown to signal failure.

Script 3: Example of starting an actor graph (ActorGraph ag) on the
obtained claim of resources. Therefore, all actors (Actor v1 to v6)
are migrated onto the corresponding compute tiles. Then, the
execution is started.

characterizationmay result in tens or even hundred of op-
erating points, this code is automatically generated by the
compiler.

By calling invade (Script 2, line 18), the information
is handed over to the run-time management system that
selects one operating point and reserves a set of resources
for exclusive usage (Section 6). The invadingprogram then
distributes and starts the actors on this claim according
to the binding of the selected operating point (a process
called infect phase in Invasive Computing). This binding
information is also encoded into the programcode as illus-
trated in Script 3. Here, the claimed resources correspond-
ing to the task clusters are resolved, and then the actors,
respectively their code, is moved are moved onto the re-
spective resources, before starting the execution. It is still
future work for being able to (a) pin the different actors to
specific cores within one tile and (b) provide the schedul-
ing information for executing the activities of all actors on
the tile.

6 Run-time management
The goal of the run-time management (RM) is to map
a characterized application to the architecture assuring
the required quality numbers. As a first step, RM selects
a suitable operating point. This decision may be influ-
enced by the overall system’s energy budget or resource
availability. RM searches for a feasible mapping of the op-
erating point’s constraint graph. This consists of bindings
of task clusters to tiles and routing message clusters over
NoC resources while satisfying all constraints, i.e., free
and non-faulty tiles of the specified type, within the max-
imal hop distance, and free budgets on the NoC. We real-
ize this by formulating this mapping as a constraint sat-
isfaction problem (CSP) and solving it using a backtrack-
ing algorithm [26]. The algorithm searches recursively for
a valid variable assignment and returns the first fitting
mapping. If there is no feasible solution, the algorithm
would search through all possible assignments exhaus-
tively, a timeout mechanism bounds the execution time.
We present a heuristic based on the backtracking algo-
rithm for managing multiple real-time applications in one
system in [28] and evaluated it for applications from the
E3S benchmark [8], for which we generated different op-
erating points as described in Section 5.2, and then ex-
ecuted the RM heuristic to assemble feasible claims for
all applications. For a small architecture with 25 compute
tiles and executing 5 applications, the heuristic took in
average 0.486ms. For a huge architecture with 100 com-
pute tiles and executing 30 applications, it took in average
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62.952ms. Note that this time is only required once when
(re-)organizing the resource allocation. In future work, we
will further evaluate enhancements for improving these
values.

7 Case study: Robot computer
vision

The presented methodology is tailored to stream pro-
cessing applications that can be expressed by our ac-
tor model, e.g., digital signal processing and multime-
dia [22], automotive and control applications. We also
apply our methodology for applications from Scientific
Computing [18, 20]. In this section, we demonstrate how
to apply our methodology for vision algorithms, which are
commonly used in robotic systems. They allow the robot
to detect objects in its surrounding and calculate their po-
sition within 3d space. As this information is required by
the movement control, e.g., to grab an object, a limited
delay must be guaranteed to allow fluent movements. In
the following, we show how an object detection algorithm
can benefit from a static timing analysis and the operating
points, which are determined by the DSE and then used
by the algorithm and the run-time management. As this is
still ongoing work, only the methods are presented. Fig-
ure 8 shows the actor graph of the used algorithm. Harris
corner detection extracts a set of corner points from the in-
put image. The next stage collects further information for
these points and stores them as SIFT features. Then, the
SIFT features are compared to a set of known features of
a training image. This way the existence and position of
the trained object within the image can be determined.

The calculation effort of the algorithm highly depends
on the input image, especially on the number ofHarris cor-
ners. Therefore, theoperatingpoints contain anadditional
complexity parameter for which they guarantee the speci-
fied timing requirement. The algorithm estimates the cur-
rent complexity at run time by either using results of the
previously processed frames or intermediate results from
Harris corner detection. Based on the complexity parame-
ter value, a subset of operating points which comply with
this value is selected and forwarded to the RM, which de-
cides about a workload-dependent switching between op-
erating points. As the complexity is considered, fewer re-
sources are requested and reserved when processing sim-
ple frames. Thus,more resources remain available to other
applications and less energy is required.

In case of multiple real-time applications, available
resources might not be sufficient to satisfy their timing

Figure8: Actor graph of the object detection algorithm.

Figure 9: Impact of pruning on the execution time and accuracy of
Harris detector.

requirements. In order to increase the success rate of being
mapped and still fulfill their timing requirements, the ap-
plications could instead reduce their workload if too few
resources are available. To achieve this, algorithmic pa-
rameters can be used during DSE. Usually, these param-
eters do not only control the calculation effort but also
have an impact on the accuracy of calculation and conse-
quently on thequality of theoutput. Onepractical parame-
ter for the object recognition algorithmhas been presented
in [17]. A threshold value is used to reduce the number
of corner points: The higher the value, the more corners
can be pruned. Figure 9 shows the impact of the thresh-
old value on the execution time and accuracy. As can be
seen, the threshold value highly decreases the execution
time whereas the accuracy only slightly decreases. Never-
theless, this method must be used carefully, as too high
threshold values may result in missing the object.

We have evaluated the object detection application by
using the InvadeSIM simulator [21], which is able to sim-
ulate tile-based heterogeneous invasive architectures in-
cluding the NoC communication. In the simulation, we
tested the workload-dependent switching between operat-
ing points. Therefore, we consider a set containing three
operating points. Operating point𝑃

1
is guaranteed to hold

the (soft) latency bound (indicated by the dashed line
in the top plot in Figure 10) for all workload scenarios.
Operating point 𝑃

2
has a low jitter and may exceed the
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Figure 10: Result of simulating the object detection application for
160 frames. The gray vertical lines indicate when the workload
scenario changes. The plots show the execution time (top) and the
totally consumed energy (bottom) when executing the application
statically according to three statically characterized operating
points 𝑃

1
, 𝑃

2
, and 𝑃

3
and dynamically by workload-dependent

switching between them.

threshold, whereas point 𝑃
3
has very high jitter and ex-

ceeds the threshold with high probability when workload
increases. However, regarding the energy requirements,𝑃

3

is more efficient than 𝑃
2
that is more efficient than 𝑃

1
.

Depending on the workload, the RM can initiate to
switch between 𝑃

1
, 𝑃
2
, and 𝑃

3
with the goal of reducing

the overall energy consumption while staying within the
latency bound. Figure 10 shows the resulting execution
times and the overall consumed energy for processing a se-
quence of 160 image frames. The upper plot presents the
execution times per frame measured through the simula-
tion. These results confirm that a static assignment of 𝑃

1

(blue) stays within the latency bound. Whereas 𝑃
2
(red)

and𝑃
3
(green) occasionally exceed the bound, butmay re-

duce the total amount of consumed energy. The gray ver-
tical lines indicate the times where the workload scenario
changes and the number of corners increases. The result of
theworkload-dependent execution is shownby the orange
curve: Initially startingwith𝑃

3
, it switches to𝑃

2
for the sec-

ond workload scenario, and to 𝑃
1
for the third. The results

show that this dynamic switch between operating points
enables a very energy-efficient execution as it reduces the
total energy consumption by 37.96% compared to a static

Table 1: The table shows the number of frames for which the soft
processing deadline was violated.

static 𝑃
1

static 𝑃
2

static 𝑃
3

workload-dependent

0 (0%) 35 (22.0%) 72 (45.0%) 4 (2.5%)

execution in𝑃
1
. At the same time, only anoverall of4dead-

line violations were observed, as Table 1 illustrates. For𝑃
2

and 𝑃
3
, at least 22% of frame processings do violate the

given timing requirement (deadline).

8 Conclusion
This article presented a design methodology for enabling
predictable execution of applications in dynamic environ-
ments on MPSoCs. The design flow supports the design
of timing-predictable applications so that a user is able to
specify requirements regardingmultiple quality numbers,
and our methodology then determines a set of operating
points, i.e., resource constellations that fulfill them. This
is achieved by combining design space exploration with
run-time management techniques.

We have shown that by means of Invasive Computing
it is possible to isolate computation and communication
resources at run-time for exclusive execution of applica-
tions, enabling composability. This is the prerequisite for
the application of static timing analysis techniques which
we have used here.

Our case study from the robot vision domain has
shown that real-time applications benefit from this ap-
proach: Our technique enables to adapt the execution of
a real-time application not only to the available resources
but also to varying workload scenarios. Our HAM ap-
proach reduces the complexity of this problem as time-
consuming analysis and verification effort has been con-
ducted at design time. Particularly when dealing with
soft timing requirements, our technique enables the run-
time optimization of properties such as the overall energy
consumption.

While we have shown that our methodology supports
the dynamic and workload-dependent execution of appli-
cations at run time, it is currently restricted to static actor
graphs. In future work, we plan to also support dynamic
applications, which also requires the development of scal-
able parallel run-time managers and proactive transition
between operating points based on scenario prediction.

Besides timing predictability, the presented HAM
approach also supports other user requirements. For
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example, [9] presents details on how to apply this concept
to provide security on demand.

Acknowledgement: This work was supported by the Ger-
man Research Foundation (DFG) as part of the Transre-
gional Collaborative Research Centre “Invasive Comput-
ing” (SFB/TR 89).
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