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Abstract- Hybrid nanophotonic-electric networks-on-chip
(NoC) have been recently proposed to overcome the
challenges of significant power dissipation and high data
transfer latencies in traditional electrical NoCs. However, with
increasing embedded application complexity, hardware
dependencies, and performance variability, optimizing hybrid
nanophotonic-electric NoCs requires traversing a massive
design space. No prior work has addressed this problem to the
best of our knowledge. We present the first effort in this direction.
In this paper, we propose an evolutionary algorithm framework
to synthesize hybrid photonic NoCs by utilizing Particle
Swarm Optimization (PSO) and Simulated Annealing (SA).
Our synthesis results indicate that the PSO-based framework
generates more power efficient NoC fabrics compared to SA.
The PSO synthesis approach optimizes the hybrid NoC fabric,
achieving up to 18× power reduction compared to the
traditional electrical NoC demonstrating significant promise
towards generating low power communication fabrics that
meet performance objectives.

practically exorbitant. Moreover, analyzing these two
parameters is just a small part of the much larger set of
parameters that must be explored during optimization. Finding
an optimum solution for such a combinatorial optimization
problem could take years if we have to search through the
entire solution space.
The best way to solve this problem is by developing
heuristics that permit us to identify and search through a
relevant portion of the solution space in a tractable amount of
time to find a near optimal solution. Greedy heuristics are
unlikely to find good quality solutions due to their inclination
for getting stuck in local optima instead of global optima. In
contrast, evolutionary algorithms such as simulated annealing
(SA) [11] operate through repeated transformations and have
the hill-climbing ability to escape local optima by allowing
acceptance of worse solutions within the evaluation process. A
population of solutions being simultaneously manipulated is
one of the major differences between the SA and traditional
greedy search algorithms. Evolutionary algorithms have proven
highly effective in recent years for several hard problems in the
realm of VLSI physical design, such as partitioning, placement,
and routing [16].
In this paper, for the first time, we address the problem of
synthesizing application-specific hybrid photonic NoCs by
using a class of evolutionary algorithm called Particle Swarm
Optimization (PSO) [17]. To compare the performance of our
near optimal synthesized solution, we also developed a novel
formulation of the problem using a SA algorithm. By
addressing the hybrid photonic NoC synthesis problem using
evolutionary algorithms, we are able to effectively explore
interesting trade-offs in the design space within a reasonable
amount of time to generate a power optimized solution while
meeting application latency requirements. Our experimental
studies demonstrate that the PSO-based approach can be a
natural fit for hybrid photonic NoC synthesis problems,
outperforming the SA-based approach.

1. Introduction
According to the ITRS roadmap [1], reducing energy
consumption has become an increasingly important goal for
semiconductor electronics. Future chip multiprocessors
(CMPs) will need to support this vision with innovations to
meet aggressive targets for energy efficiency and performance.
In order to satisfy power and performance challenges, these
future CMPs will inevitably integrate multiple cores (as many
as 256 within the next five years based on projections) onto a
single die to optimize processing power-per-watt. With the
advent of highly parallel CMPs, the network-on-chip (NoC)
interconnection fabric [2] will be the limiting factor for
achieving operational goals comprised of stringent bandwidth
and latency constraints. NoCs will play a crucial role to ensure
reliable and scalable connectivity between processing cores,
memory modules, cache banks, and other I/O devices.
Unfortunately, traditional electrical-based NoCs are severely
constrained due to their long multi-hop latencies and high
power consumption, making it practically impossible to stay
within the on-chip power budget. CMOS compatible on-chip
photonic interconnects with silicon-on-insulator waveguides
provide a potential substitute for electrical interconnects,
particularly for global communication, allowing data to be
transferred across a chip with much faster light signals. Based
on recent technology advancements, critical length at which
photonic interconnects are advantageous over electrical
interconnects has fallen well below expected chip die size
dimensions [3].
To maximize power savings, recent research [4]-[10] has
been focused on novel hybrid photonic NoC architectures that
optimize local and global communication distribution between
electrical and photonic communication channels. However,
automated optimization of hybrid photonic NoCs for
application specific performance is an NP-hard problem that
has not been addressed to date. A photonic interconnect with
n=256 waveguides and m=256 wavelengths will require
n+(n)2+(n)3 +…+(n)m configurations if performance with
every combination is to be analyzed. This is most certainly
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2. Related Work
The on-chip photonic interconnection concept was initially
introduced by Goodman et al. [18]. In recent years, several
works [19]-[21] have presented a comparison of physical and
circuit-level properties of on-chip electrical and photonic
interconnects based on advances in the fabrication and
integration of photonic elements on CMOS chips. A few
recent works have presented hybrid photonic NoC
architectures. Pan et al. [4] proposed a hierarchical photonic
crossbar coupled with a concentrated mesh electrical network.
Shacham et al. [5] described a circuit-switched on-chip
photonic torus network with reconfigurable broadband optical
switches coupled with a topologically identical torus electrical
network. Bahirat et al. [6] presented concentric photonic rings
coupled with a reconfigurable electrical mesh. Li et al. [7]
described a photonic broadcast bus with an electrical packet
switched network. Vantrease et al. [8] proposed a fully
photonic crossbar with electrical buffering in the electrical
realm. Joshi et al. [9] presented a similar fully photonic
topology but using a Clos network and electrical buffering.
Morris et al. [10] created a hybrid of an all-photonic crossbar
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and a photonic fat-tree. We choose the hybrid photonic
ring/electrical mesh topology [6] as the baseline fabric for our
synthesis effort due to its favorable low power, latency
characteristics, and configurability.
Efforts on regular NoC topology synthesis have primarily
focused on mapping uniform sized cores and their
communication flows on regular mesh topologies [21]-[25] to
optimize energy and performance. For example, Ascia et al.
[23] utilized a genetic algorithm approach to map cores to
minimize communication power within a mesh NoC. Kapadia
et al. [25] proposed a heuristic approach to synthesize a voltage
island-aware low-power mapping of cores and communication
routes on a regular mesh NoC. Other efforts have focused on
application-specific synthesis of irregular NoCs [26]-[29]. For
instance, Murali et al. [26] presented a synthesis technique with
min-cut partitioning to allocate switches to groups of custom
cores and minimize NoC power consumption. Srinivasan et al
[27] presented a genetic algorithm based approach to
synthesize a low power custom NoC topology. None of these
synthesis approaches focus on hybrid photonic NoCs, as we do.

(PRI) is used to ensure appropriate scaling and utilization,
which refers to the number of cores around the gateway
interface that can utilize the photonic path for communication.
A modified PRI-aware XY routing scheme routes packets in
this architecture. Thus for larger CMPs, having a larger PRI
size can ensure appropriate photonic path utilization. Figure 1
shows a 6×6 CMP with varying PRI sizes at four gateway
interfaces. Communicating cores lying within the same PRI
communicate using the electrical NoC (intra-PRI transfers).
Cores that need to communicate and reside in different PRIs
communicate using the photonic paths (inter-PRI transfers),
provided they satisfy two criteria: (i) the size of data to be
transferred is above a user-defined size threshold Mth, and (ii)
the number of hops from the source core to its local PRI
gateway interface is less than the number of hops to its
destination core.
The concentric ring photonic waveguides are logically
partitioned into four channels: reservation, reservation
acknowledge, data, and data acknowledge. A fully photonic
path setup and acknowledgement mechanism is used within the
reservation and acknowledge channels, utilizing a Single
Writer Multiple Reader (SWMR) configuration. The data
channel utilizes a low cost Multiple Writer Multiple Reader
(MWMR) configuration. High throughput is achieved by using
dense wavelength division multiplexing (DWDM), with
multiple wavelengths per waveguide available to transfer
multiple streams of concurrent data. To reduce the number of
photonic
components
(waveguides,
buffers,
transmitters/receivers), and consequently reduce area and
power dissipation in the photonic layer, the concept of
serialization is also utilized at the gateway interfaces.
TABLE I SYNTHESIS PARAMETERS

Figure 1: Hybrid ring-mesh photonic architecture [6]

Synthesis Parameters
Uplinks
PRI
WDM
Serialization Degree
Clock Frequency (GHz)
PRI data size threshold (Mth)
Flit Width (bytes)
Waveguides

Range low
4
1
32
1
1
4
4
32

Range high
32
(num_cores)/4
256
32
5
1024
8
256

3. Hybrid Photonic NoC Architecture Overview

4. Synthesis Problem Formulation

We consider the ring-mesh hybrid photonic topology
presented in [6] as our baseline architecture. We summarize
some of its key features in this section. Figure 1 presents an
architectural overview which consists of concentric photonic
ring waveguides on a dedicated photonic layer, interfacing a
2D electrical mesh NoC. The electrical mesh is comprised of
two types of routers: (i) conventional four stage pipelined
electrical mesh routers that have 5 I/O ports (N, S, E, W, local
core) with the exception of the boundary routers that have
fewer I/O ports, and (ii) gateway interface routers that are also
four-stage pipelined but have six I/O ports (N, S, E, W, local
core, photonic link interface) and are responsible for
sending/receiving flits to/from photonic interconnects in the
photonic layer. Both types of routers have an input and output
queued crossbar with a 4-flit buffer on each input/output port,
with the exception of the photonic ports in gateway interface
routers that use double buffering to more effectively cope with
the higher photonic path throughput.
A unique feature of this hybrid photonic architecture is the
reconfigurable traffic partitioning between the electrical and
photonic links. To minimize implementation cost, the number
of gateway interfaces are kept lower. However, limiting
gateway interfaces reduce photonic path utilization as CMP
size increases. A programmable photonic region of influence

Our synthesis problem includes the following inputs: (i) A
core graph G (V, E) representing the cores on which tasks have
already been mapped, and the set of M edges {e1, e2, e3,…,eM}
and N vertices {V1, V2, V3,…,VN} with weights that represent
latency constraints between communicating cores. (ii) A
regular mesh-based CMP with T tiles such that T = (d2), where
d is the dimension of the mesh, and each tile consists of a
compute core and a NoC router, (iii) The upper and lower
bounds for a set of parameters relevant to hybrid photonic
NoCs (Table I).
Our goal is to synthesize a hybrid photonic-ring/electricalmesh NoC architecture for a specific application that will
determine (i) number and location of photonic uplinks (i.e.,
gateway interfaces), (ii) PRI sizes, (iii) density of wavelength
division multiplexing, (iv) vertical serialization degree, (v) link
clock frequency, (vi) data threshold size, (vii) flit widths, and
(viii) number of photonic waveguides; while satisfying
communication latency constraints and minimizing
communication power.

5. Synthesis Framework Overview
In this section, we present our novel Particle Swarm
Optimization (PSO) framework for synthesizing hybrid
photonic NoCs. Subsequently, we also describe a novel
Simulated Annealing (SA) formulation for the same problem.

5.1 Particle Swarm Optimization (PSO)
The Particle Swarm Optimization (PSO) metaheuristic was
initially proposed by R. Eberhart and J. Kenned [17] in 1995.
The fundamental idea behind PSO is inspired by the
coordinated and collective social behavior of species like a
flock of birds, fish, termites, or even humans. In nature, each
individual bird, bee, or fish shares some information with its
neighbors and by utilizing shared information collectively, they
strive to organize efforts such as collect food or develop flying
patterns to minimize aerodynamic drag, etc. Although by itself,
a single entity such as a bird or a bee is a simple and
unsophisticated creature, collectively as part of a swarm they
can perform useful tasks such as building nests, and foraging
(searching for food). Within PSO, an individual entity is called
a particle and it shares information with other entities, either in
the form of direct or indirect communication to coordinate their
problem-solving activities. In recent years, the PSO algorithm
has been applied to many combinatorial optimization problems
such as optimal placement of wavelength converters in WDM
networks [30] and dynamic reconfiguration of fieldprogrammable analog circuits [31].
To implement the PSO algorithm, particles are placed in the
search space of some problem, and each particle evaluates the
objective function at its current location to determine its
movement by combining the best (best-fitness) locations in the
vicinity. The next iteration takes place after all particles are
relocated to the new position. This process is repeated for all
particles and eventually for the swarm as a whole; similar to
the flock of birds collectively foraging for food. A particle on
its own does not have power to solve the problem; evolution
occurs only when the particles interact and work together,
utilizing a social network consists of bidirectional
communication. The movement of each particle is affected by
its inertia or own weight and directional velocity towards local
and global best solutions. As the algorithm iterates, particles
move towards local as well as global solution optima forming a
swarm pattern. For example, when one particle or entity finds a
good solution such as a food source, other particles are more
likely to be attracted by following a positional path. This social
interaction feedback eventually causes all particles to move
towards a globally optimal solution path.
In summary, the idea of the PSO is to mimic the social
collective behavior found in nature and utilizing it to solve
complex problems. As the flits are routed from the source to
the destination in a NoC, the PSO process can select among
various values for the parameters in Table I, such as number of
WDM channels, or PRI size. As more core communications are
considered, gradually one dominant solution emerges. This best
configuration satisfies application-specific latency constraints
and has the lowest power paths that all particles follow with a
specific PRI size, WDM, link clock frequency etc. The
particles search or move in the solution space by gravitating
towards optimality based on the neighborhood and global
particle fitness. This transversal phenomenon is similar to the
social interactions where a leader or leaders emerge from the
swarm and followers attempt to follow them. A group of
random particles or random solutions are initialized during the
initial phase of PSO and then the optimal or near optimal
solution is constructed using an iterative process. Within an
iteration, a particle tracks the personal best solution (pk), which
is the best solution found by the particle k, and the global best
solution (gk), which is the best solution that was found by the
entire population. Every particle moves towards the better
solutions with some velocity and position. The computation
step includes some amount of randomness instead of following
an exact profile. This randomness can produce an even better

solution which may result in attracting other particle towards it.
Each particle updates its velocity and position based on the
following set of equations:
 =  +   (  −  ) +   (  −  )
(1)
(2)
 =  + 
where, the current velocity and position for each particle is
defined by vk and xk respectively, pk designates current best
solution based on particle k’s history and gk defines current best
solution based on the entire population or swarm. Positive
inertial weight w is assigned to control how fast or slow each
particle can move based on its own weight or inertia, c1 and c2
are constant numbers denoted as learning parameters that
control the learning rate of global vs. local optima, i.e., higher
the weights, the faster the particles gravitate towards the
current best solution. Instead of just following the current best
solution in a linear path, r1 and r2 are random numbers from 0
to 1 that change every iteration, adding randomness to the path
thus, finding newer better solutions on the way. The stability of
the PSO algorithm is one of the key concerns where position
and velocity can diverge instead of achieving convergence. To
ensure convergence we tune the learning and inertial weights
carefully and also implement a velocity limit parameter Vmax,
where if the updated velocity exceeds the velocity limit, we
saturated the velocity to the max limit.
done = 1
while(done)
for (i=0; i++; i< N_ITER)
InitializeParticles(); // generate m particles
UpdateParticleSystem(); // update particle system for local
and global best solution, move
the particles to new position
UpdatePositionMatrix();// position update for each particle
end for // end of the loop
ValidateResults();//cycle-accurate simulations for validation
if Results Validated then
done = 0
else
done = 1 //Continue with next PSO iteration
end if
end while

Figure 2: Particle swarm optimization formulation

Figure 2 shows the pseudo-code for our PSO formulation.
The algorithm starts by initializing each particle when it calls
InitializeParticles(). The function initializes inertia and
learning weights for each parameter such as WDM. For the
PRI, it also generates source and destination locations of the
communication
neighborhoods.
The
function
UpdateParticleSystem() iterates and updates velocity and
positions of the individual particles, using relations (1) and (2).
At the end of the evaluation loop, particle positions are updated
and
moved
to
new
positions
by
calling
UpdatePositionMatrix().This process continues for the entire
application, until a dominating solution emerges. We ultimately
call ValidateResults() to validate the best solution by using
cycle-accurate SystemC[36] level simulation. This is done to
ensure that latency constraints are satisfied in the presence of
communication congestion and computation delays (hard to
ascertain with just an analytical approach). If the solution fails
simulation-based validation we repeat the PSO algorithm with
different trail parameter and selection probability values.

5.2 Simulated Annealing (SA)
Simulated Annealing (SA) algorithms [12]-[14] are
evolutionary algorithms that generate solutions to optimization
problems using techniques inspired by annealing in solids. SA
algorithms simulate the cooling of a metal in the heat bath
known as annealing where the structural properties depend on

the cooling rate. When a metal is hot and in liquid state, if
cooled in a controlled fashion, large and consistent grains can
be formed. On the other hand, grains can contain
imperfections if the liquid is cooled rapidly or quenched. By
slowly lowering the temperature, globally optimal solutions
are approached asymptotically by allowing hill climbing or
worse moves (inferior quality) to be taken within the initial
part of the iteration process. Based on the law of
thermodynamics, at temperature t the probability of an
increase in energy of magnitude δE is given by:


() =  (  )

(3)
where k is the Boltzmann’s constant. This equation is directly
applied to SA by dropping the Boltzmann constant which was
only introduced into the equation to cope with different
materials. The probability of accepting a state in SA is:


=  () < 

(4)
where c defines the change in evaluation function output, t
defies current temperature which is decremented at every
iteration by some regression algorithm such as a linear method
t(k+1)=α.t(k), with α < 1, and r is a random number between 0
and 1.
done = 1
while(done)
for (i=0; i++; i< N_ITER)
GenerateInitialSolution() // Initial solution
ScheduleCoolingRate() //Evaluate solution at cooling rate
ComputeFitnessValue() // Update fitness value
end for
ValidateResults()//cycle-accurate simulations for validation
if Results Validated then
done = 0
else
done = 1 //Continue next N_ITER generations
end if

consideration the final solution would be very close to the
starting SA solution. Based on the number of iterations for
which the algorithm will be running, the temperature needs to
be decremented such that it will eventually arrive at the
stopping criterion. We also need to allow enough iterations at
each temperature such that the system stabilizes at that
temperature. We evaluated another method first suggested in
[15] that proposes implementing one iteration at each
temperature by decreasing the temperature very slowly. The
formula we used was t(k+1)= t(k)/(1+βt(k+1)) where β is a suitably
small value as defined in [15]. However the approach did not
yield any benefits in terms of improvement in results. As SA is
a stochastic search algorithm, it is difficult to formally specify
convergence criteria based on optimality. The results are
expected to get better with every step, however sometimes the
fitness
of
a
solution,
calculated
by
calling
ComputeFitnessValue(), may remain unchanged for a number
of cooling steps before any superior solution can be created.
The best solution is ultimately validated with an in-house
SystemC-based[36] cycle-accurate hybrid nanophotonicelectric NoC simulation by calling the function
ValidateResults() to ensure that latency constraints are satisfied
under realistic traffic conditions. If the solution fails validation
we repeat the SA algorithm with a different initial seed.
TABLE II Delay and energy consumption for photonic elements (32nm)
DDE = Data traffic dependent energy, SE = Static energy (clock, leakage),
TTE = Thermal tuning energy (20K temperature range)
Component

Delay

Modulator driver

9.5 ps

Modulator

3.1 ps

Waveguide

15.4 ps/mm

Photo Detector
Receiver

0.22 ps
4.0 ps

DDE

SE

20 fJ/bit 5 fJ/bit
-

-

20 fJ/bit 5 fJ/bit

TTE
16 fJ/bit/heater
16 fJ/bit/heater

end while

Figure 3: Simulated annealing algorithm formulation

An SA algorithm involves the evolution of an individual
solution over a number of iterations, with a fitness value used
for evaluating solution quality whose determination is problem
dependent. At each iteration, individual parameters are
selected randomly and the probability of accepting a solution
is determined by equation (4). A high enough starting
temperature is selected to allow movement through the entire
search space. As the algorithm progresses, the temperature is
cooled down to confine solutions, allowing better solutions to
be accepted until the final temperature is reached. As SAs are
heuristics, the solution found is not always guaranteed to be
the optimal solution. However in practice, SA has been used
successfully to generate fairly high quality solutions in several
problem domains.
Figure 3 shows the pseudo-code for our SA formulation of
the synthesis problem. Our SA implementation begins with the
calling of GenerateInitialSolution() to generate an initial
solution. We utilize a genetic algorithm (GA) as an initial
heuristic to ensure high quality for the SA seed. Each GA
chromosome consists of constituent parameters as defined in
Table 1. At the end of 200 generations we use the best solution
with the highest fitness value as a seed for SA. Subsequently,
four key parameters for annealing are initialized by calling
ScheduleCoolingRate(): (i) Starting temperature, (ii)
Temperature decrement, (iii) Final temperature, and (iv)
Iterations at each temperature. We tuned the starting
temperature hot enough to allow our hybrid NoC parameters to
traverse farther along in the solution space. Without this

Figure 4: Pre and post PSO power consumption and latency for solution space
of lu benchmark

6. Experiments
6.1 Experimental Setup
We conducted an experimental analysis to compare the
performance of our PSO and SA based synthesis frameworks
for mid size 6×6 (36-core) and large size 10×10 (100-core)
CMPs with a 2D mesh hybrid photonic ring/mesh NoC fabric.
The parallel implementation of seven SPLASH-2 benchmarks
[32] (barnes, lu, cholesky, fft, fmm, radiosity, radix) were
utilized to guide the application-specific synthesis in each of
the two frameworks. We targeted a 32nm process technology
with the assumption of a 400 mm2 active die area budget. Table
II shows delays for the 32 nm node that we assumed, obtained
from [3] and from device fabrication results [33]. The delay of
an optimally repeated and sized copper wire at 32nm was

cholesky

fft

fmm

radiosity

Radix

Synthesis Parameters
WDM
Uplinks
PRI
PRI Data Threshold
Clock Frequency
Source PRI Uplink
Dest PRI Uplinks
Flit Width
Serialization
Waveguides

Lu

TABLE III SA SYNTHESIS RESULTS
barns

assumed to be 42ps/mm [34]. The power dissipated in the
hybrid photonic NoC can be categorized into (i) electrical
network power and (ii) photonic ring network power. The static
and dynamic power dissipation of electrical routers and links
was derived from Orion 2.0 [35]. For the energy dissipation of
the modulator driver and TIA power we used ITRS device
projections [1] and standard circuit procedures. Energy
dissipation values for the modulators and receivers are
summarized in Table II [9]. In addition, an off-chip electrical
laser power of 3.3W (with 30% laser efficiency) is also
considered in our energy calculations. The laser power value
accounts for per component optical losses for non-linearity
(1dB at 30mW), coupler/splitter (1.2dB), waveguide (3dB/cm),
waveguide crossings (0.05dB), ring modulator (1dB), receiver
filter (1.5dB) and photodetector (0.1 dB).

102
4
4
176
4
4
5
23
11
48

79
4
4
16
2
4
5
64
4
2

58
4
4
60
4
4
4
85
3
25

128
4
4
96
5
4
4
43
6
200

93
4
4
280
6
5
5
26
10
105

141
4
4
459
5
5
5
15
17
128

63
4
4
168
4
4
4
37
7
90

Figure 5: SA and PSO performance comparison for parameter selection

6.2 Results
Our first experiment provides insights into the workings of
the PSO algorithm. Figure 4 shows the solution space pre- and
post-PSO, and compares the power and average packet latency
of the solutions, for the lu benchmark from the SPLASH-2
suite. The solution space is relatively randomly distributed in
2D with higher power consumption before the PSO algorithm
begins execution. However, the solutions swarm towards the
lower end of the 2D space by following velocity profiles
relative to local and global optima’s after the PSO algorithm
has finished. This indicates an improvement in power while
maintaining average packet latency characteristics, and shows
that the PSO approach leads to desirable quality solutions.
To gain further insight regarding the quality of the
generated results, we evaluated various parameters of the best
solutions as shown in Figure 5 generated by PSO and SA for
the seven SPLASH-2 benchmarks, and for the 10×10 CMP
implementation. For benchmarks that require more frequent
local and global communication, PSO utilizes a higher degree
of photonic path communications while enabling higher clock
frequency for the electrical path and achieving an elegant trade
off. Also to enable higher photonic path communication, the
PSO algorithm generates solutions with greater number of
uplinks. The latency and WDM degree results indicate that
PSO and SA each have a unique set of benchmarks for which
the synthesized architecture provides lower average packet
latency and lower WDM than the solution generated by the
other approach. As far as the number of uplinks are concerned,
with the exception of radix and radiosity, PSO and SA both
select the same number of links for their best solutions.

Lu

cholesky

fft

fmm

radiosity

radix

Synthesis Parameters
WDM
Uplinks
PRI
PRI Data Threshold
Clock Frequency
Source PRI Uplink
Dest PRI Uplinks
Flit Width
Serialization
Waveguides

barns

TABLE IV PSO SYNTHESIS RESULTS

68
4
15
96
5
9
9
43
6
18

122
4
12
4
4
7
9
256
1
12

44
4
10
120
5
8
9
28
9
135

83
4
10
48
4
9
9
85
3
136

135
4
12
7
4
8
9
256
1
112

132
8
12
54
2
9
9
128
2
20

143
12
12
96
2
9
9
128
2
18

Tables III and IV summarize the hybrid photonic NoC
solutions generated by SA and PSO algorithms respectively for
the SPLASH-2 benchmark applications. The communication
traffic pattern for each application is different, so these results
provide insights into the inner workings of each synthesis
approach. As the communication traffic goes up, both
algorithms tend to adapt differently towards solution
configurations. Runtime configuration can enable custom
solutions that balance various trade-offs, for example PSO
adapts more efficiently to higher PRI size for radix and
radiosity than SA. Both algorithms successfully increase WDM
degrees as core to core communication increases. PSO provides
higher number of uplinks compared to SA as the amount of
global communication increases. The PRI data threshold Mth,
diverts communication through photonic channels if data
length exceeds beyond this limit. The PSO algorithm optimizes
the Mth limit to a lower number than SA thus increasing the
volume of data traversing the photonic communication path.
We also monitored number of average hops from the source
and destination cores to the uplinks within a PRI region to
better understand how far data packets needed to travel to reach
an uplink. The number of PSO generated hops was higher than
SA confirming the consistency with higher PRI size achieved
by PSO, particularly for the radiosity and radix benchmarks.
Figure 6 shows the most power efficient solutions (that
satisfy latency constraints) generated by PSO and SA for the 36
core and 100 core configurations. The figure also includes
power dissipation of the baseline electrical 2D mesh NoC as a
reference. Despite the overhead of a separate photonic layer, it
can be seen that using hybrid photonic NoCs can lead to
significant orders of magnitude savings in power dissipation.
Among the synthesized approaches, it can be seen that the PSO
generates solutions that are more power efficient than those
generated by the SA. The synthesized solutions with PSO have
as much as 1.2× lower power dissipation than average solutions

generated by SA with up to 2.2× for the best case. Figure 7
shows the energy-delay product improvements for PSO and SA
over the baseline electrical 2D mesh NoC for the 36 and 100
core CMPs. Again, significant (up to 18×) improvements can
be seen with PSO generated hybrid photonic NoC solutions
compared to the baseline 2D electrical mesh NoC architecture,
as well as the SA generated solutions.

(a)
(b)
Figure 6: Power consumption comparison for PSO and SA synthesized
solutions with electrical NoC (a) 6x6 NoC (b) 10x10 NoC

Figure 7: Energy delay product improvements for solutions generated by
SA and PSO over electrical NoC

7. Conclusion
In this paper, we proposed an approach for synthesizing
hybrid photonic NoC architectures for emerging CMPs. We
formulate the synthesis problem as a Particle Swarm
Optimization (PSO) problem, and contrast it with another novel
formulation using Simulated Annealing (SA). Our results and
experimental data demonstrate significant promise for the PSObased synthesis framework, to determine application-specific
architectural parameters that minimize power dissipation while
satisfying application latency constraints. Our future work will
further explore novel synthesis techniques for other hybrid
photonic NoCs.
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