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researchers and engineers are in a pressing need for fast
simulators to explore the design of such architectures, and
even faster ones to evaluate programming models and their
implementation, such as hybrid hardware/software solutions.
At the same time, the increasing number of cores per chip
and the rising run-time system complexity of these platforms
is posing a major challenge to fast and practical simulation.
For decades, architects have been using cycle-level simulators to design microprocessors. Because cycle-level simulation
of complex superscalar architectures was already considered
slow enough to hinder the design process, the community
has come up with a number of efficient solutions to speed up
simulation for single-cores. SMARTS [39] and SimPoint [35]
demonstrated that sampling can improve simulation speed by
a factor of 103 , while producing errors varying from 1% to
10%. SimFlex [38] brought significant enhancements for multicores running server-type workloads, where all threads operate
independently, with 104 to 105 speedups. Statistical simulation
and synthetic benchmarking [12, 26, 28], which recreate a
similarly-behaving but much smaller trace or benchmark,
are also successful alternatives for single-cores. They bring
speedups up to 105 with an error varying from 5% to 10%.
However, there is currently no sampling nor statistical
simulation technique mature enough for general parallel workloads and many-cores. Earlier proposals require to simulate an
exponentially growing number of program co-phases [4, 20],
which reduces the attainable speedups (less than 102 for 2
cores). Recently, Namkung et al. [25] showed that relaxing
similarity constraints when clustering samples can practically
mitigate this growth up to 16 cores. Perelman et al. [31]
improved the speedup to 104 for 4 cores by clustering phases
accross threads, with errors of a few percents.
Using a different approach, Penry et al. [30] have successfully leveraged modular simulation to parallelize multi-core
simulators on a host CMP, achieving super-linear speedups
thanks to shared caches and careful scheduling of simulation
phases. But the provided speed relief over detailed single-core
simulation is bounded by twice the number of available cores
on a chip at design time, i.e., 8 to 16 today. More recently,
Genbrugge et al. [13] applied interval analysis, which consists
of a mechanistic model of superscalar processors able to
produce performance numbers without having to model individual pipeline stages, to multi-core simulation. This approach
currently yields a speedup of 10 over traditional cycle-accurate
simulation, with a mean error rate of 5% for 8 cores.
Only a few existing simulators are able to sustain hundreds
to thousands of cores with practical simulation time. The

Abstract—Although multi-core architectures with a large
number of cores (“many-cores”) are considered the future of
computing systems, there are currently few practical tools
to quickly explore both their design and general program
scalability. In this paper, we present SiMany, a discrete-eventbased many-core simulator able to support more than a
thousand cores while being orders of magnitude faster than
existing flexible approaches.
One of the difficult challenges for a reasonably realistic manycore simulation is to model faithfully the potentially high concurrency a program can exhibit. SiMany uses a novel virtual
time synchronization technique, called spatial synchronization, to
achieve this goal in a completely local and distributed fashion,
which diminishes interactions and preserves locality. Compared
to previous simulators, it raises the level of abstraction by focusing on modeling concurrent interactions between cores, which
enables fast coarse comparisons of high-level architecture design
choices and parallel programs performance. Sequential pieces
of code are executed natively for maximal speed.
We exercise the simulator with a set of dwarf-like task-based
benchmarks with dynamic control flow and irregular data structures. Scalability results are validated through comparison with
a cycle-level simulator up to 64 cores. They are also shown consistent with well-known benchmark characteristics. We finally
demonstrate how SiMany can be used to efficiently compare
the benchmarks’ behavior over a wide range of architectural
organizations, such as polymorphic architectures and network
of clusters.

I. Introduction
In the past few years, the architecture community has been
trying to replace the performance improvements once provided
by regular clock frequency increases with a similar regular
increase of the number of cores. Today, many company and
academic roadmaps mention tens and often hundreds of cores
per chip [18, 37]. The main chip manufacturers are already
shipping processors with up to 8 cores and GPGPUs with
tens of cores, each comprising lots of small SIMD execution
units. While the addition of a small number of cores to
a general-purpose CPU was proven profitable for a large
class of applications, it is still unclear whether many-cores
will be able to sustain the processing performance growth
that is expected for the next decade. The increasing number
of cores on a die creates hardware design difficulties and
considerably enlarges the possible design-space, in particular
for memory hierarchies and on-chip interconnects. Moreover,
the performance of future many-cores will largely depend
on parallel programming languages and the efficiency of
their supporting run-time environments. For these reasons,
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COTSon team at HP labs proposed an approach where a
trace-driven simulator is fed with thread instruction streams
computed by a single-core full system simulator [24]. They
present speedups relatively close to that of SiMany, but only
consider an idealized architecture with a perfect memory hierarchy, i.e., without any interconnect, caches nor distribution
of memory banks. Most of the other recent approaches are
parallelized discrete-event simulators with varying levels of
detail. They allow some events to be committed out of virtual
time order, trading accuracy for speed. SlackSim [8] is a
cycle-level simulator that allows individual cores to progress
at different paces in a controlled manner. Notably, it proposes
a bounded slack scheme where cores can run ahead of the
current global time by at most a fixed amount of cycles.
Graphite [23], a higher-level simulator, dynamically instrument executables and run sequential pieces of code natively.
It explores additional lax synchronization schemes, and in
particular a distributed one, LaxP2P, in which the progress
of one core is periodically checked against another randomly
chosen core.
In this paper, we propose SiMany, a new discrete-event
simulator for many-core architectures supporting modern taskbased programming models, like Cilk [5] or TBB [17]. It
improves on the previous simulation approaches in three
main directions. First, it introduces a novel synchronization
technique, spatial synchronization, in order to approximately
reproduce the concurrency of interactions between threads/
tasks and the hardware components that the simulated program
would experiment on a real many-core machine. This scheme
is distributed and, contrary to previous ones, purely local.
A core is allowed to make progress ahead of its topological
neighbors in the interconnection network by at most a fixed
time drift, which involves only nearby information. Cores can
be simulated without interruption during longer phases than
in schemes where they have to check their progress against a
unique global window. Both these properties have the effect
of improving the locality of accesses, which ultimately speeds
up the simulation.
Second, SiMany pushes further the current trend of raising
the level of abstraction in simulators. This trend was recently
illustrated by interval simulation [13] and Graphite [23]. It
is also widespread in the embedded systems domain, where
systems-on-chip (SoC) typically comprise tens of off-theshelf IP blocks. To cover the resulting large design-space, the
initial stages of a SoC design process are mainly concerned
with capturing the interactions between the IP blocks and
the interconnects (bus or networks-on-chip), using simple,
and thus potentially inaccurate, block models. Approaches of
this kind have been successfully used to choose components,
evaluate performance and verify general operation of SoC
in early design stages [14, 21, 34]. SiMany includes simple
models for caches and cores, decreasing the time required
to simulate these components. It is highly configurable and
can explore a wide range of designs, such as shared-memory
and distributed-memory architectures and arbitrary network
topologies. All operations that do not require interactions are
executed natively.
Third, we evaluate the relevance of the scalability results
reported by SiMany by comparing them to those obtained with

a cycle-accurate simulator [2] up to 64 cores. We show that the
main performance trends are successfully captured and that
SiMany can be used to forecast scalability and performance
variations resulting from coarse-grain architecture changes.
To the best of our knowledge, this quantitative assessment is
the first of its kind for an abstract simulator featuring a loose
synchronization mechanism.
We show that SiMany allows to explore a large range
of hardware designs and evaluate software implementations
103 times faster than existing flexible approaches for 1024core architectures, while yielding comparable error rates than
sampling and statistical simulation for a low number of cores.
Section II presents the main time modeling and synchronization concepts. Section III details SiMany’s most important
implementation traits. Section IV describes the parallel programming model used to allow programs with complex control
flow and data structures to take advantage of a varying and
high number of cores. Section V presents the experimental
methodology. Section VI first presents the relevance assessment for the results that SiMany produces. Then, it reports
the performance results for different architecture classes, such
as polymorphic architectures, in which cores differ in computing power, and some clustered network patterns. We also
investigate the accuracy/speed trade-off related to time drift
control. Section VII relates our work to the simulation field
and Section VIII concludes the paper.
II. Virtual Timing
The implementation of the notion of time in an abstract discrete-event simulator must realize a delicate trade-off between
accuracy and simulation speed. On one hand, an accurate
simulation of hardware components involves more processing
power and increases the number of synchronizations, resulting
in a much longer simulation time. On the other hand, little
timing information or infrequent synchronizations would make
the simulator too inaccurate to obtain meaningful results for
design-space exploration and software development. Moreover,
the method for providing timing information must be generic
and systematic enough so that an architect can vary the design
parameters and still obtain reliable performance information.
Throughout the article, we call the program execution time
within SiMany its virtual time. The first subsection below
presents virtual timing and our spatial synchronization scheme.
The second one highlights how SiMany correctly simulates
parallel programs despite sometimes processing events out of
order.
A. Principles
Timing annotations. Virtual time is computed by the simulator from the timing information that has to be provided
for each instruction block. A block is a piece of code directly
executed by the local CPU, without any interaction with other
components. In a shared-memory program, such a block thus
should not contain memory accesses, while in a distributedmemory program, it should not span a remote request. These
accesses and requests are indeed timed by the simulator itself,
based on the target location and the network model. The
annotations can be either derived from profile runs, from a
simple processor model or inserted manually. Finally, they
can be computed during the execution, for example to allow
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to attribute approximate timings to coarse program parts at
once with very low overhead or to model branch prediction in
a probabilistic way. Most blocks, though, are usually statically
timed.
Distributed timing. In our simulation framework, each
simulated core, as well as each modeled hardware component, maintains its own private virtual time when it is active.
All these virtual times would always be the same if they
were permanently kept perfectly synchronized. But frequent
synchronizations have a cost and are not even necessary for
independent events. For this reason, our simulator updates
virtual times in a purely distributed fashion.
As the simulator executes a code block on a core, it increases its virtual time in accordance with the timing annotations on the code block. Each memory access or remote
request is initially stamped with the initiator core’s virtual
time and is increased by a specific delay as it traverses the
architecture’s communication components (e.g., CPU to network interface links, routers, wires, . . . ). If a request requires
a reply, the reply message is dated with the request time
augmented with a local processing time. When the initiator
core finally starts processing the reply, its own local time is
updated to that of the reply. To summarize, the sum of all
delays induced by all the components traversed is added to a
core’s virtual time in case of interaction.
Spatial synchronization. Messages themselves are not a
reliable enough form of synchronization: Two sets of cores
may not communicate for a long time period, resulting in a
possibly excessive time drift. On the other hand, a systematic
global synchronization of all cores would be very costly. Thus,
cores synchronize with their neighbors only, as specified by
the interconnect/network topology, a feature we call spatial
synchronization. On each modification of its virtual time, the
core sends a virtual time update message to its immediate
neighbors. The latter then update the proxy to its virtual time
that they maintain. These messages are control messages:
They have no architectural existence and they only serve to
implement the simulation.
If a core’s virtual time is greater than the time of its most
late neighbor by a user-chosen constant T , then the core stalls
its execution. As soon as this neighbor catches up with it,
thus lowering the time drift under T , the core can resume its
execution. Figure 1 shows an example of how an active core
that is making progress (the one on the left) gradually wakes
up the two cores (at its right) that were waiting for it (T is 20).
The three cores and their simulation states are represented at
three different points in time, from top to bottom. The number
at each core’s cardinal point indicates the core’s view of the
corresponding neighbor’s virtual time.
In other words, cores are allowed to advance to different
virtual times, but they are not allowed to drift from their
neighbors by more than T . Note that this local bound guarantee immediately implies a global bound on the drift between
any two cores that cannot exceed the diameter of the network
graph (i.e., the largest topological distance between two cores)
times T .
In the same way that sampling consists in trading some
accuracy for speed, allowing a time drift reduces the number
of synchronizations and thus speeds up the simulation, at
the expense of some accuracy. Indeed, drifts open up the
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possibility that two messages be received and processed in
the opposite order of their virtual time of reception. With
T = 20, consider the example where two cores A and B,
having times 50 and 20, want to send a message to a common
neighbor core C. Having a common neighbor, A and B are
allowed to drift up to 40 (2 × T ), and thus can be simulated
concurrently at this point. If the simulator processes A, then B
and finally C, A’s message can reach C before B’s, although
its timestamp when arriving at C will be 55 whereas B’s
message’s timestamp will be 25, assuming a common 5-cycle
latency to reach a neighbor.
When the simulator processes two messages out of order, it
biases their processing’s completion time by the same amount
of virtual time, which is at most the time needed to process
the earliest message, but in opposite directions. However,
we recall that a message represents a data access. A large
number of them are thus actually exchanged, with out-of-order
executions occurring randomly. In the end, as the experimental
results will show in Section VI, these errors statistically filter
out and do not engage in any visible snowball effect.
Therefore, the T simulation parameter is an accuracy/speed
toggle. The smaller the value of T , the more frequent the
synchronizations and context switches, the better the accuracy,
but the slower the simulation.
Non-connected sets of active cores. As mentioned before,
a core only propagates its own virtual time to its neighbors
when it changes. Indeed, regularly sending time messages,
as done in cycle-level simulators, would degrade simulation
speed. However, it may happen that the set of active cores in
the network is non-connected. In that case, time drift control
does not spread to the whole network. Local control indeed
relies on the neighbors’ virtual time information but idle cores
do not have a virtual time of their own and do not produce
any time update messages. An example of this problem is
presented in Figure 2, where advances of cores in both sets,
on the right and left sides, are not propagated through the idle
cores. As a result, their times drift by more than the diameter
of the network times T .
A solution to overcome this problem is to have idle cores
maintain a shadow virtual time which is the minimum virtual
time of all their neighbors plus T , as if they were executing
code and had advanced to the maximum virtual time allowed
by the local time window before stalling. Like working cores,
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shared-memory, in particular, output must be correct for all
potential orders in which different threads can acquire a given
lock. Only the lock acquisitions within the same thread have to
be performed in order so as to avoid deadlocks. In distributedmemory, a program must be prepared to process incoming
messages in any order that is allowed by the programming
model/run-time system.
Our network implementation enforces that a core receives
all messages coming from another given core in the order the
latter sent them. Only messages incoming from different cores
can be processed out of order. This solves the shared-memory
lock order reversal problem and is compatible with traditional
distributed-memory programming models that assume this
property, such as MPI [10].
Locks and critical sections. A task running on a core can
stall at any time because of spatial synchronization. This can
cause deadlocks if this task is holding a lock or was interrupted
in the middle of a critical section. Indeed, a second task may
then try to acquire the same lock or enter the same critical
section and will then block until the first one wakes up again
and releases its resources. But if the second task is very late,
i.e., if its virtual time is far behind that of the first task,
spatial synchronization will prevent the first task from making
enough progress to release its resources.
Figure 4 illustrates such a situation in the simple case
of two neighbors. The core on the right acquired a lock at
virtual time 35 and then reached time 45 at which point spatial
synchronization suspended it, being ahead of the left node’s
time (20) by more than T (equal to 20 in this example). The
left node then sends a lock request at time 22 and blocks
until it receives an acknowledgement. Note that both cores
involved in a deadlock need not be neighbors but can be
located at distant places in the network.
Avoiding such deadlocks without the help of a global monitor can be done by temporarily allowing the core holding a
lock to execute until it has released its resources. Waiving
the time synchronization could potentially result in more time
drift than the aforementioned global bound. However, locks or
critical sections are used precisely to serialize resource access.
Thus, contention essentially occurs when attempting to acquire
a lock rather than in the ensuing critical section, except in the
rare cases of deeply nested locking. As an example, in our
dwarf benchmarks, tasks simply do not interact with others
while holding a lock. In practice, the additional time drift
thus has no effect on performance. We additionally devised a
scheme that can handle the infrequent cases but, due to lack
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The non-connected sets problem.

they only propagate their time to their neighbors when their
shadow virtual time changes. Thanks to this technique, all
cores within the network remain connected with respect to
virtual timing, which effectively enforces the expected global
time drift.
Time drift of dynamically created tasks. Many programming models (e.g., Cilk [5] or TBB [17]) provide primitives to
spawn tasks dynamically. Such a task is sent to another core,
as specified by the simulated run-time system and architecture,
by emitting a task creation message that is stamped with the
time of the initiating task, as any other message. While this
message travels to its target core in the network, active cores
are concurrently making progress depending on the order
in which the simulator executes them and on the spatial
synchronization mechanism. But, since the latter only takes
into account cores, not messages, cores may well drift ahead
of the not-yet-running new task’s timestamp by much more
than the authorized global bound.
Figure 3 shows such a situation. The left core spawns a new
task at virtual time 20, through a task spawn message, but
then continues to run. Since the other cores in the network are
idle, the spatial synchronization mechanism does not prevent
it from reaching timestamp 90, which is a lead of more than
T (here, 20) over the new task’s start time.
To keep this drift under control, a core tracks the birth
times of the tasks it spawned and takes them into account
when computing its current drift, as if the new tasks had
started execution on one of its neighbors. When a spawned
task arrives at its final destination, the run-time system has
to send a control message to the core running the parent task
to inform it that it can discard the corresponding birth date.
B. Ensuring Correct Simulation
Program execution correctness. In spite of some messages being processed out of order, program execution correctness is preserved. A well-written program’s outcome is
correct independently of how its threads are scheduled. In
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proportional to the simulated architecture’s number of cores,
which exceeds by far the available physical cores on the host
machine.
Architecture Variability. SiMany can be configured to
explore a wide range of many-core architecture. The number
of cores and their computing power are tunable, enabling the
exploration of differently sized homogeneous but also heterogeneous architectures, such as polymorphic architectures.
Different memory organizations are possible, from a single
shared memory with uniform latency to fully distributed banks
with or without hardware coherence.
Network topology is specified in a configuration file as
an adjacency matrix that gives the connections between the
cores. The latency and bandwith of individual links are also
independently tunable. Consequently, SiMany can handle arbitrary network organizations, such as clustered or hierarchical
ones. Various other fine-grain parameters, such as the size
of message chunks, the time needed to process them or the
routing penalty, are tunable as well.
Finally, although the simulator does not simulate a core’s
ISA nor its microarchitecture in detail, it is possible to reproduce some of the impact they have on performance through
timing annotations. The effects of the implementation and
number of functional units for a class of instructions can
be mimicked by varying the timing attributed to instruction
blocks that use them. In our experiments, as an example, we
used a model where the instructions of a class are attributed a
fixed cost, but we made the distinction between floating-point
and integer additions, multiplications and divisions. We also
introduced annotations to model a branch prediction scheme
that succeeds at least 90% of the time and assumes a pipeline
depth of 5, as will be explained in Section V.
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20 22

Fig. 4.

45

Deadlock between two tasks competing for a lock.

of space and because we did not need to implement it, we
will not detail it in this paper.
Deadlock avoidance. The spatial synchronization mechanism does not cause by itself any deadlock in the simulator’s
execution because, at any given point in time, the task with
lower virtual time can always make progress, unless the system
is deadlocked for another reason. Indeed, this task is either
about to perform a local computation, a task spawn or a remote
or shared-memory access. Among these possibilities, only
an access to a locked resource may lead to the task being
blocked but in this case, thanks to how locks and critical
sections are handled, the other task holding the resource will
run until it can release it, eventually allowing progress of the
task having lower virtual time.
III. Simulator Implementation
Implementation Efficiency. Unlike most simulators,
SiMany does not perform instruction set (ISA) emulation. It
does not even do dynamic binary translation, as used in fast
simulators like QEMU [3] or Graphite [23]. Instead, apart
from network simulation and task management, it relies on
native execution. To achieve this, it is currently necessary
to modify the programs to be simulated, both to integrate
the timing annotations and to explicitly use the simulator
and run-time system’s APIs to spawn tasks, send messages
or access remote data. To ease the simulation of very large
programs or to enable it for closed source ones, though, it is
possible to apply these modifications automatically thanks to
static binary translation or JIT compilation.
The code running on a given core is simulated in a dedicated
thread. SiMany runs a program in a single system process
and uses non-preemptive userland scheduling to execute the
threads corresponding to cores. Thus, it does not currently
exploit multiple cores or processors on the host machine.
Communications between cores through the interconnect are
also handled purely in userland through shared-memory lockfree circular buffers. The only system calls used are for context
switching. These techniques bring two important benefits.
First, we measured that using shared-memory for communications is at least 10 times faster than using traditional kernel
mechanisms (pipes or sockets). Second, by bypassing kernel
scheduling, SiMany avoids the overhead of the associated
scheduling latency, i.e., the average delay between reception
of data and wake-up of the thread going to process them.
Busy-waiting would not be a viable alternative because of
the system calls overhead and since the number of threads is

IV. Programming Model
Rationale. Evaluating program behavior on a many-core
architecture requires a careful choice of the programming
model and the hardware organization that can sustain such
high scalability. We consider both shared-memory and distributed-memory architecture, as described in Section V. As
for the software part, task-oriented programming models,
such as Cilk [5] or Intel TBB [17], are growing in popularity.
Indeed, they relieve the programmer from doing the actual
thread management (work dispatch), instead presenting him
with a simple method to express parallelism (task spawning).
Besides regular programs, they can also accommodate ones
with complex control flow and data structures, thanks to their
inherent load-balancing properties. As a result, they are used
to parallelize a broad range of programs.
However, their efficiency is sensitive to how well the task
granularity expressed by the programmer matches the features of the architecture (number of cores, their performance,
communication latency and bandwidth, . . . ). The overhead of
spawning an excessive number of fine-grain tasks decreases
the benefit of parallelization, whereas too coarse-grain tasks
will not be numerous enough to keep all cores busy. Moreover,
only Cilk features a distributed-memory version [32], but
it has a simple notion of local/remote processors and does
work stealing remotely only when local sources of tasks are
depleted. For these reasons, we rather used a programming
model in the spirit of TBB that solves this problem through
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conditional spawning [29]. We paid special care to our runtime dispatching spawned tasks to neighboring cores only,
avoiding any communication with far away cores. Tasks can
however progressively migrate to other cores if the local ones
are overloaded.
Semantics and Messages. The run-time system generates
messages to drive task dispatching and, when using distributedmemory, object movements upon program requests.
When a program attempts a task spawn, it calls a special
primitive, probe, that triggers a resource check. In order
to minimize network traffic, the run-time system maintains
proxies to neighbors’ occupation status. Only if some proxy
indicates that a neighbor is likely to have a free slot in its task
queue does the run-time system actually send a reservation
message (PROBE). The neighbor then responds, accepting or
denying the reservation (PROBE_ACK or PROBE_NACK message). If the probe succeeds, the program then has to call the
spawn primitive, which actually sends the neighbor the new
task (TASK_SPAWN message). This neighbor finally broadcasts
its new task queue’s state to its own neighbors. When the
probe is denied, no task is spawned and the program executes
the code of the task sequentially.
Coarse synchronization is expressed thanks to task grouping.
Each time a task terminates, it decrements the active tasks
counter of its group. By calling the join primitive, a task
can wait for all other active tasks in a group to finish. Its
execution context is then saved until it receives a notification
(JOINER_REQUEST) from the last active task in the group,
which has just decremented the associated task counter to 1.
When using distributed memory, shared data are stored in
objects, called cells, bearing similarity to C structures. Program access them by dereferencing links, generalized pointers
that can reference cells be they stored locally or remotely.
The run-time system automatically sends messages (DATA_
REQUEST and DATA_RESPONSE) to retrieve remote cell content
when requested and locks the cell for the access duration.

are not taken into account. The purpose of this optimistic
architecture model is to study inherent program scalability.
The second architecture type features distributed-memory
without cache coherence. In this mode, the run-time system
manages shared data (see Section IV). A L2 cache with 10cycle latency is added to each core. The base link traversal
latency between two cores is set to 1 cycle and the bandwidth
to 128 bytes per cycle. The purpose of this architecture type
is to present results using realistic and currently common
hardware parameters while anticipating short to mid-term improvements in network bandwidth. Its completely distributed
design is one of the possible choices for future many-core
architectures to avoid the overhead of systematic hardware
cache coherence.
Cycle-Level Parameters. In order to validate the results
obtained by SiMany, we compare them to those obtained
on a hybrid cycle-level/system-level simulator based on the
UNISIM framework [2] up to 64 cores. This simulator models
architectures of the shared-memory type described above,
except that cache coherence effects are fully simulated and L1
caches are split into separate instruction and data caches. To
perform a fair comparison, we decided to enable the timings
of cache coherence effects in SiMany during the validation,
instead of deactivating cache coherence in the UNISIM-based
simulator. This enables us to compare how close SiMany and
other simulation approaches are to accurate simulators.
Architecture Exploration. In addition to uniform 8, 64,
256 and 1024 cores 2D meshes, we simulate our benchmarks
on clustered architectures with the same number of cores
but split into 4 or 8 clusters. The latency of network links
inside a cluster is set to 4 times the base latency (4 cycles).
The intra-cluster latency, on the other hand, is set to half
a cycle. We also simulate our benchmarks on polymorphic
architectures where one core out of two is twice slower than
base cores and the other faster by a factor of 3/2. These latter
architectures thus have exactly the same cumulated computing
power as the uniform ones.
Virtual Timing Parameters. The reference value for the
maximum local drift parameter T is 100 cycles and this value
is used for all experiments, except when studying the effect
of varying T on speed and accuracy.
The run-time system advances virtual time on its own to
account for task management. Starting a task on a core has
an overhead of 10 cycles in addition to the time to receive
the spawn message containing the task arguments. A context
switch to a joining task resuming execution costs 15 cycles.
Finally, for distributed-memory architectures, access to remote
data is handled by the run-time system through messages
timed by the simulator. The requested data are stored in the
initiating core’s L2 cache, where they can be accessed with
the usual 10-cycle latency.
Benchmarks. Our choice of benchmarks follows the dwarf
approach’s philosophy advocated by researchers at Berkeley [1], which proposes a set of kernels deemed representative
of large classes that encompass current and future parallel
programs. Porting a full suite comprising numerous benchmarks to a task-oriented environment and making it support
both shared and distributed-memory architectures would have
consumed an exorbitant amount of time. We thus decided to
focus on benchmarks that include a wide range of computation

V. Experimental Methodology
Architecture Configuration. All the architectures we simulate comprise 32-bit PowerPC 405 cores with a scalar 5stage pipeline. Each core has a private L1 cache with 1cycle latency. The associated cache model is simple and
pessimistic: Data do not stay in the cache accross function
boundaries of the executed program. The instructions in the
ISA are grouped by classes, including unconditional branches,
conditional ones, common integer arithmetic, integer multiply,
simple floating-point arithmetic and floating-point multiply
and divide. All the instructions within a given class share
a single time value. Branch prediction is handled specially.
Where its outcome is known with certainty at compilation
time (e.g., for unconditional branches and loop constructs),
its effect are included in the timing annotations and a 5-cycle
penalty is applied to the mispredicted branch. For the other
cases, a probabilistic branch predictor with a 90% success
rate is assumed.
For scalability and architecture exploration, we use two different types of architectures. The first type is a shared-memory
architecture in which all cores, besides their private L1 cache,
access the shared memory banks with a common low latency
(10 cycles). The delays induced by cache coherence effects
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Speedup

and communication patterns. Most of them are notoriously
difficult to parallelize because of their complex control flow
and/or data structures. We argue that, in the context of the
advent of many-core in general purpose computing, studying
the scalability of irregular benchmarks is as relevant as that
of niche scientific applications.
We present two parallel versions of Quicksort. The sharedmemory version works on arrays and spawns a new task to
handle one of the sub-arrays after each pivot step. The distributed version is an adaptation to lists, in order to avoid the
transfer of whole sub-arrays to remote processing nodes. Pivot
steps are distributed and they gradually construct a binary
search tree. Browsing the list in order is then tantamount to
traversing the constructed binary tree. For both versions, we
use 50 random arrays/lists with 100,000 elements.
A graph’s Connected Components computation is a common graph algorithm, which is for example used in image
processing. Since the graph topology is not known in advance, depth-first searches are launched from lots of nodes
in parallel, resulting in contention when nodes belonging to
the same component are being tagged repeatedly, although
the conditional spawning mitigates this issue. Parallelizing
this algorithm has already been studied but solutions were
proposed in the context of shared-memory machines with
large structures being shared between nodes [9, 16]. We run
this algorithm on 50 random graphs with 1000 nodes and
2000 edges.
We have also parallelized Dijkstra’s shortest paths algorithm, used for routing and navigation purposes, as described in [29]. It bears some similarity with the connected
components algorithm except that already explored paths
may have to be explored again when reached with a lower
value of the current distance computed. On the other hand,
a task encountering an already explored path close to the
optimal can terminate quickly and free a core so that it can be
reused for more interesting paths. Again, sophisticated variants
have already been studied [11] but they require frequent
global synchronizations, which we want to avoid. We run the
algorithm on 50 random graphs of 2000 nodes having 3000
edges on average.
Barnes-Hut is the well known N-body simulation algorithm. It partitions space by building a hierarchical tree in
which each internal node represents the center of mass of
all the bodies in the underlying subtree. In a second phase,
the force on each body B is computed by traversing the tree
starting at the root. This computation is independent of that of
other bodies and can be performed in parallel. The resulting
communication patterns are highly irregular [15]. Only the
scalability of the second phase is reported, assuming that the
built tree has been broadcasted to all cores before it starts.
We use 4 data sets with 128 bodies and 4 data sets with 200
bodies.
SpMxV is the sparse matrix-vector multiply algorithm. Matrices are specified in a row-oriented format alike to the
Harwell-Boeing format. We use 30 matrices coming from a
freely available sparse matrix collection [6] and 60 randomlygenerated matrices of size 106 × 106 , half of them having an
average of 50 non-null coefficients per row and the other half
100 of them. For the validation experiments, only the first
group of 30 matrices is used because of excessive cycle-level
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simulation time.
Finally, we use a tree traversal algorithm that updates all
objects within an Octree structure. This scenario is typically used in gaming or for graphics generation. We ran the
experiments with 50 randomly generated octrees of depth 6.
VI. Evaluation and Architecture Exploration
Simulator Validation. The virtual time speedups obtained
by SiMany and by the UNISIM-based simulator for sharedmemory architectures with cache coherence are compared
in Figure 5 for uniform 2D meshes and in Figure 6 for
polymorphic ones. In the legend, CL stands for Cycle-Level
and designates the results from the UNISIM-based simulator.
VT stands for Virtual Time and indicates results obtained
with SiMany. Both axis employ a logarithmic scale, which
tends to emphazise scalability differences at the bottom of
the graphs. One can see that, for every benchmark, SiMany
correctly captures the speedup evolution as the number of
cores increases.
SiMany’s results are quantitatively close to the reference
ones. The geometric mean of the errors with respect to the
cycle-level simulator results for uniform meshes are 8.8% for
16 cores, 18.8% for 32 cores and 22.9% for 64 cores. The
error for 16 cores is comparable to that obtained by other
simulation techniques, such as interval simulation, sampling
or statistical simulation on 2 to 8 cores. For 4 and 8 cores, the
error is smaller but close to the 16 cores’ one. These results
confirm our intuition that simulating the smallest details of the
microarchitecture is less important to many-core simulation
than it is for single-core or dual-core simulation.
For polymorphic meshes, the errors are 22.2% for 16 cores,
30.3% for 32 cores and 33.4% for 64 cores. The higher
errors for these meshes are due to slightly different imple-
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ized simulation time of 1751 in average to simulate a 32-core
architecture using 8 host cores, which, scaled to a singlecore, gives a simulation time of around 14000. SiMany’s
corresponding normalized simulation time is 112 with only
one host core being used.
Speedups on Regular 2D meshes. Figure 8 presents the
benchmark virtual time speedups on our shared-memory architecture type, whereas Figure 9 presents results obtained
on distributed-memory architectures (please read Section V
for details).
On the optimistic shared-memory architectures, Dijkstra
performs best and exhibits super-linear speedups (up to 4282),
which is purely due to the algorithm and the datasets used.
Indeed, more cores enable more parallel tasks which increases
the probability to tag nodes optimally, which, in our algorithm, leads to giving up non-interesting paths quicker. SpMxV
scales well up to 64 cores and then suddenly tops, essentially
because of the size of the datasets we used. Performance of
Quicksort may be surprisingly bad. In fact, the theoretical
maximum speedup reachable by Quicksort is log2 (n)/2 for
balanced arrays of n elements. We used arrays of 100,000
elements, in which case the ideal speedup is about 8.30. In
practice, we reached no more than 5.72. It is interesting to
note that, for most benchmarks, going from 256 to 1024 cores
does not make a significant difference and sometimes even
lowers performance a bit.
On the realistic distributed-memory architectures,
Quicksort’s and SpMxV’s results do not significantly change,
because they cause little data movement and no contention
on cells. Unsurprisingly, the performance of data-contended
benchmarks, Dijkstra and Connected Components,
collapses. Connected Components’s performance actually
degrades above 8 cores, despite the run-time system’s
load-balancing property.
Simulation time/accuracy trade-off. We hereby study the
practical effects of varying the maximum local drift parameter
T . In addition to the baseline, experiments were performed
with values of T of 50, 500 and 1000 for the shared-memory
architecture type. As explained in Section II, increasing T
means relaxing the spatial synchronization, allowing to simulate each task for a longer time window, which increases
temporal and spatial locality and potentially causes more
messages to be processed out of order.
Figure 10 shows the average virtual speedup variation for
each benchmark as T varies, with T = 100 as the baseline.
Only speedup values for 64 to 1024 cores are considered

mentations of the polymorphic architectures. In the UNISIMbased simulator, the L1 cache speed is the same for all cores,
whereas in SiMany it is proportional to the core speed. For this
reason, the cycle-level curves in Figure 6 are slightly offset
upwards compared to those of Figure 5, whereas the virtual
timing curves practically do not change, the polymorphic
architectures having the same computing power as the uniform
ones for a given number of cores.
We observe that, for both architectures, the error increases
at a much slower pace than the number of cores. More importantly, the trends exhibited by the benchmarks on the reference
simulator are fully reproduced in SiMany. For Barnes-Hut,
the speedup is close to ideal until 16 cores, the point of
diminishing return after which the curves start to flatten.
For Connected Components, scalability reaches a peak at
16 cores and then decreases rapidly, because of the high
contention on graph nodes as their tags are changed. SpMxV
scales well up to 64 cores.
Simulation Speed. Figure 7 shows the overall simulation
time for every benchmark in all architecture configurations,
normalized to native execution on a single-core machine. The
time required to simulate most of the benchmarks on 1024core architectures is on the order of 104 compared to native
execution.
The higher simulation time for Barnes-Hut and Connected Components are due to the distributed-memory simulations. We recall that, on these architectures, the run-time
system is responsible for handling shared data. It actually
implements data access as an exclusive operation, requiring
data transfer to the core that needs them, whether the access
is a read or a write. Algorithms that frequently access shared
data will thus cause a high number of messages to be exchanged. On this respect, Quicksort, SpMxV and Octree,
which exhibit no or little data dependencies, are much more
representative of the simulator intrinsic behavior and performance. A regression shows that the average simulation time
increases as a square law with a small coefficient.
SiMany is considerably faster than previous approaches.
The best sampling and statistical simulation techniques so
far [25, 31] can produce a 104 simulation time speedup for 4
cores relative to cycle-level simulation, whose best normalized simulation time is currently around 106 , giving a net
simulation time of 102 . SiMany simulates our benchmarks
on 4 cores with a normalized simulation time of 26, at the
expense of some accuracy for this low number of cores. The
recently proposed Graphite simulator [23] reaches a normal-
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ing power than the uniform mesh comprising the same number
of cores (see Section V). The Dijkstra’s and SpMxV’s performances decrease slightly. The decline is higher for the other
benchmarks (−18.8% on average for 256 and 1024 cores).
The run-time system, which is not particularly tuned for such
architectures, has a harder time at balancing the load because
the slower cores cannot spawn tasks at the same rate as faster
cores.
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VII. Related Work
Virtual Timing and Discrete-Event Simulators. The virtual time concept was initially introduced under the denomination of logical clocks by Lamport in a seminal article about
the ordering of events in a distributed system [22]. Jefferson
later introduced the virtual time term and described the Time
Warp mechanism [19], a discrete-event distributed simulator
which allows all processors in a system to be simulated mostly
independently. The simulators of this kind are called optimistic:
Messages are processed as soon as they arrive, although some
other messages with comparatively lower virtual time may
come afterwards. In order to enforce an execution of events
in the order of their virtual time, optimistic discrete-event
simulators must be able to rollback a message’s execution.
The other traditional approach is the conservative one, which
was first explored by Chandy and Misra [7] at the same period.
Such simulators do not simulate a processor until they can
determine that it will not receive any message that could
influence its next execution step.
A huge number of simulators have been implemented according to one of these two paradigms. Of the early simulators,
we only mention the emblematic Wisconsin Wind Tunnel
proposal [33]. It was one of the first discrete-event simulator to feature direct execution of instrumented code. WWT
however used a conservative quantum-based synchronization
technique tied to the CM-5 architecture. The second release
of WWT improved portability using active messages, but
the synchronization was still quantum-based and global. It
was finally shown to be a significant performance bottleneck
beyond 8 processors.
BigSim [40] is an optimistic simulator introduced in the
context of the Charm++ programming model. Programs written with the latter constrain the possible message patterns and
interaction orderings that can occur in the simulator, reducing
dependency violations and allowing to solve the remaining
ones by virtual timing adjustments instead of full rollbacks.
Our approach shares with BigSim the requirement to annotate
instruction blocks to compute the simulation time. However,
BigSim uses a simpler network model that completely neglects
contention. In contrast, we do model contention on individual
links.
Sampling and Statistical Simulation. We already mentioned most of the relevant work in the introduction and
defer to it for the single-core part. For multi-cores, the first
approaches proposed to study the co-phases exhibited by
multiple programs or threads running on top of SMTs and
CMPs [4, 20]. Phases are already used for single-cores (e.g.,
by SimPoint [35]) to find a set of representative instruction
intervals whose simulation will yield similar metrics than the
execution of the whole program. The main problem when
trying to apply this approach to multi-core simulation is
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Fig. 9.

Regular 2D Mesh Speedups (Distributed-Memory).

in the averages, since they are the part of interest of the
benchmarks’ scalability profiles. Figure 11 similarly shows
the average simulation time variation for the different values
of T . ± signs before numbers indicate that variations have
been observed in both directions.
Lowering T to 50 increases simulation time for most benchmarks (26.7% on average), as expected. The only exception
is Octree whose execution is slightly faster for 1024 cores
(−5%). Speedup variation is only a few percents for each
benchmark. Raising T to 1000, on the other hand, speeds up
simulation by an average 2.38 factor (3.67 when considering
only 1024-core architectures).
Figure 10 shows that only Dijkstra and Connected
Components, whose algorithms are highly dependent on the
tasks’ timings, exhibit speedup variations of more than a
few percents. They perform worse because simulation of
cores is less intermixed when T is high, which decreases
the probability of exploring a good path quickly and thus
increases the amount of work to perform. By contrast, the
performance of even relatively contended cases (Barnes-Hut
and Octree) does not vary much (respectively −0.4% and
−1.1% for 1024 cores). Regular benchmarks practically
do not exhibit any variation. An increase of T is always
beneficial for performance, but must remain limited for
algorithms or applications running significantly different code
paths as the relative timings of the different tasks change.
Clustered Architectures. Figure 12 presents speedup results on clustered architectures comprising 4 clusters. Datacontended benchmarks’ performance varies the most. For
low numbers of cores, clusters are small and the inter-cluster
latency dominates. Results in this case are better on the regular
meshes. This situation reverses as the number of cores grows.
The average turning point for all benchmarks is around 78
cores, with however large disparities between them (from
15 for Barnes-Hut to 140 for Connected Components).
Virtual execution time on 1024 cores decreases by 28.7%
for Connected Components and by 25.6% for Dijkstra,
whereas it practically does not change for Quicksort (−2.2%)
and SpMxV (−0.1%). These results are coherent with the fact
that, in the former benchmarks, tasks continuously exchange
vertex data, whereas in the latter ones, tasks do not communicate much and sensitivity to network latency is low. We also
did experiments with 8 clusters and obtained results featuring
the same trend.
Polymorphic Architecture. Figure 13 presents results on
polymorphic architectures having the same theoretical comput-
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not bode well for their scalability.
Sampling and statistical simulation techniques rely on gathering some architecture-dependent metrics and statistics on the
first program’s run in order to accelerate subsequent simulations. They are thus constrained in the architectural variability
that they can support. It is yet unclear whether they can
tolerate significant variations in the number of cores or the
interconnect topology. Our approach, which simulates the
whole program, does not suffer from this problem.
Loose Synchronization. Several recent simulators or
frameworks feature some form of loose synchronization, by
which individual components can be simulated independently
even in the case where this violates the constraint that events
have to be processed in their virtual time order.
The SystemC TLM 2.0 standard [27] complements some of
its modeling styles with temporal decoupling, a technique that
allows a component to be simulated during a fixed amount of
cycles in a row, called a quantum, without synchronization
with other components, provided that execution stays correct.
This is typically the case when a processor continues its
virtual execution as long as it operates solely on its private
L1 cache.
SlackSim [8] is a CMP cycle-accurate simulator derived
from SimpleScalar and designed to run Pthread applications. It
provides a range of synchronization mechanisms, from global
barriers at every cycle to unbound slack where threads are
simulated completely independently without any synchronization. Between these two extremes, one can select a WWT-like
quantum-based synchronization or a bounded slack scheme,
where all threads are allowed to go ahead of the current
global time up to a fixed amount of cycles. This is similar to
the Optimistic Time Windows mechanism [36], although for
SlackSim the global time window corresponds to the allowed
imprecision. This can also be seen as an extension of the
temporal decoupling practice of TLM 2.0.
Graphite [23] is a simulation framework with lax synchronization. It proposes a new synchronization technique called
LaxP2P that goes further SlackSim’s ones. Cores are allowed
to make progress without reference to a global time. Instead,
they periodically check if they are too much ahead of another
randomly chosen core by a configurable fixed slack parameter.
Early cores are put to sleep for a duration computed based on
the local clock advance speed observed so far. The intent is
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that the different threads/programs may go through a large
number of phase combinations (co-phases) during a single run.
Experimentally, the number of co-phases grows exponentially,
which does not allow to reach speedups over cycle-level
simulation larger than 102 for 2 cores.
More recent work mitigated this problem up to 16 cores [25]
by relaxing the similarity constraint used to group co-phases,
while keeping the error low (under 5% on average). Perelman
et al. [31] developed an alternative in which individual threads’
instruction intervals are clustered into the same set of phases,
instead of a separate set per thread. This approach uses the
same number of overall phases (between 5 and 10) as was
previously used for a single thread in experiments up to 4
cores. It remains to be seen if it can support more cores
without increasing linearly the number of phases. Unfortunately, both these approaches do not fundamentally solve the
exponentially growing nature of the co-phases, which does
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that they wake up only after the other cores have caught up.
Compared to spatial synchronization, this technique does
not provide a fixed guarantee about time drift. Also, cores have
to communicate with the reference core they randomly choose,
which can be any other core, causing communication overhead
in the whole network. Provided that local time is checked
often against enough referees, LaxP2P can be stricter than
spatial synchronization, because other cores than the direct
neighbors are considered. This last property, however, does not
translate into more accurate results, since messages between
two cores necessarily pass by a chain of direct neighbors,
which is exactly the topology used by spatial synchronization.
With an appropriate tuning of the maximum allowed local
time drift T , it is not necessary to check for drifts between
remote cores, because they cannot influence each other in
less than the minimum latency for a message to reach one
from the other. This would mean taking T equal or less than
the minimal link latency between two cores. In practice, the
occurence and impact of a larger drift between remote cores
is insignificant, as is highlighted by the validation and the
experiments with varying T we performed.
Finally, Graphite is largely slower than our simulator. It
needs 8 cores to produce speedups that are 15 times smaller,
without bringing more accurate results. SiMany only requires
a single core to run, making it a more practical tool for
architecture exploration.

the accuracy of results for a high number of cores. Finally,
we are convinced that the spatial synchronization scheme
we presented in this paper is especially suited to parallel
simulation because cores can be simulated independently
within their local time window. A preliminary study indicates
that, at least from networks with 64 cores, there are enough
cores verifying these conditions to keep all cores of current
multi-core host machines busy. Whether this property can be
leveraged to improve SiMany’s performance remains to be
investigated.
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