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Abstract—Over the course of this decade, uniprocessor chips have
given way to multi-core chips which have become the primary building
blocks of today’s computer systems. The presence of multiple cores on
a chip shifts the focus from computation to communication as a key
bottleneck to achieving performance improvements. As industry moves
towards many-core chips, networks-on-chip (NoCs) are emerging as
the scalable fabric for interconnecting the cores. With power now the
ﬁrst-order design constraint, early-stage estimation of NoC power has
become crucially important. Existing power models (e.g., ORION 2.0
[12], Xpipes [7], etc.) are based on certain router microarchitecture
and circuit implementation. Therefore, when validated against different
NoC prototypes - different router implementations – we saw signiﬁcant
deviation (up to 40% on average) that can lead to erroneous NoC
design choices. This has prompted our development of a new, accurate
architecture- and circuit implementation-independent router power and
area modeling methodology with complete portability across existing
NoC component libraries. Also, validation against a range of implemented router designs conﬁrms substantial improvement in accuracy
over existing models.

I. I NTRODUCTION
As diminishing returns in performance of uniprocessor architectures have led to multi-core chips, networks-on-chip (NoCs) are
emerging as the scalable fabric for interconnecting the cores. When
the number of on-chip cores increases, the need for scalable and
high-bandwidth communication fabric becomes more evident [8],
[16]. However, with increasing demand for network bandwidth,
interconnection network power has become increasingly substantial,
e.g., 28% and 36% of the total chip power in the Intel 80-core [10]
and Raw [21] processors, respectively. This requires designers to
work within a tight power budget. To aid designers in early stages
of the design, architectural power models have been proposed for
rough power estimations (see Section II).
Architectural power estimation is used to (1) verify that power
budgets are approximately met by the different parts of the design
and the entire design, and (2) evaluate the effect of various highlevel optimizations, which have been shown to have much more
signiﬁcant impact on power than low-level optimizations. Therefore,
a number of recent research efforts (e.g., [12], [17], [22]) have
focused on developing architectural router power models. However,
these models are derived from a mix of template circuit implementations and technology trends, and hence can not guarantee
accuracy within an architecture-speciﬁc ﬂow. The main advantages
of these models are ﬂexibility and applicability in early design space
explorations when the NoC component library is not available. In
addition, existing router power models [5], [18] do not consider all
relevant microarchitectural parameters, which limits accuracy and
applicability.
The above shortcomings of the existing models has led us to
explore new directions to improve the efﬁciency of these models
for early-stage design space exploration. To accomplish our goal,
we start from an existing RTL description of a router with any
given architecture. We then create a library of fully-synthesizable
router RTLs with different microarchitectural parameters. Using
an industrial implementation ﬂow we take the RTL descriptions
through physical design steps and compute corresponding power
and area values. We apply a machine learning technique, i.e., nonparametric regression, using the generated power and area data sets
to develop accurate architectural-level router power and area models.
The highlight of our modeling methodology is the decoupling of the
router microarchitecture and underlying circuit implementation from
the modeling effort. One might question the runtime complexity
of the approach; however, as technology advances every year,
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designers ﬁnd themselves with increasing access to multiple, parallel
computing resources in the form of multi-processor workstations,
multi-core microprocessors, load sharing facilities (LSF), etc. [20].
These ample computing resources can be efﬁciently utilized to
enhance modeling accuracy and applicability. The contributions of
our work are as follows.
1) We are the ﬁrst to consider decoupling of router microarchitecture and underlying circuit implementations from the
modeling effort. This enables a modeling methodology in
which both router microarchitecture and underlying circuit
implementations are transparent to the system-level designer.
2) We use nonparametric regression to develop accurate router
microarchitectural power and area models using power and
area data sets gathered from layout information.
3) We propose a modeling methodology for on-chip router power
and area that can be used within any existing NoC component
library.
The remainder of this paper is organized as follows. In Section II
we contrast against prior related work. Section III describes our ﬂow
implementation for our experiments and the details about our design
of experiments. Section IV describes our modeling methodology,
while Subsections IV-B and IV-C derive the corresponding power
and area models, respectively. In Section V we validate our proposed
models against layout data, and show the impact of the new models
on achievable NoC conﬁgurations. Finally, Section VI concludes the
paper.
II. R ELATED W ORK
Power modeling can be carried out at different levels of ﬁdelity,
trading off modeling time with accuracy, ranging from real-chip
power measurements [11], to pre- and post-layout transistor-level
simulations [29], to RTL power estimation tools [30] to earlystage architectural power models [4], [12], [23]. Low-level power
estimation tools, even RTL power estimation, require complete
RTL code to be available, and simulate slowly, on the order of
hours, while an architectural power model takes on the order of
seconds [12]. Circuit-level power estimation tools, though providing
excellent accuracy, has even longer simulation times, and require
even more substantive development effort. These shortcomings have
led to a plethora of architectural power models, such as the widelyused Wattch [4] and SimplePower [23] for uniprocessors.
Power models have also been proposed for a variety of on-chip
networks. These models can be divided into two categories: (1)
models derived from a mix of circuit templates, and (2) models
derived from pre- and post-layout simulation results. In the ﬁrst
category, Patel et al. [19] ﬁrst proposed an analytical power model
for interconnection networks, derived from transistor count. Since
the model does not consider the architectural parameters, it cannot
be used to explore tradeoffs in router microarchitecture design.
ORION 2.0 [12], a set of architectural NoC power models, is an
enhanced version of its predecessor, ORION [22], which provides
parameterized power and area models derived from a mix of circuit
templates and technology trends. ORION models can be more
efﬁciently deployed for early-stage design space exploration as they
take into account the router microarchitectural parameters.
In the second category, power models are based on either prelayout [3], [5], [15], [18] or post-layout [1], [2], [17] simulation
results. Bona et al. [3] presented a methodology for automatically
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generating energy models for bus-based and crossbar-based communication fabrics. Lee et al. [15] proposed a high-level power model
based on the number of ﬂits passing through a router, and used
parametric regression to derive the model. In [5] and [18], cycleaccurate architectural power models are proposed, however, limited
dependence of these models on the microarchitectural parameters
degrades their applicability for efﬁcient design space exploration
framework. Chan et al. [6] used the parametric models proposed in
[5] to drive their NoC synthesis cost functions. On the other hand,
Banerjee et al. [1] presented an accurate power characterization of
a range of NoC routers using standard ASIC tool ﬂow, but failed
to present any analytical models. In [2], a RTL-level NoC power
model was developed by ﬁrst extracting the SPICE level netlist
from the layout and then integrating the characterized values into
the RTL description. More recently, Meloni et al. [17] proposed an
architectural regression analysis for router power based on energy
numbers obtained from post-layout simulations.
The existing models assume a speciﬁc architecture and underlying
circuit implementation in their modeling efforts, in one way or
the other. For example, [12] assumes certain architecture (i.e., VC
router) and a set of circuit implementations or [17], even though
claims that the proposed models are architecture-speciﬁc, it still
requires the modeler to have understanding about the underlying
architecture. In addition, most of the current work fail to consider
the contributing microarchitectural as well as implementation parameters in their models. In contrast, we develop an architecture- /
circuit implementation-independent router power and area modeling
methodology. We efﬁciently utilize the accuracy of post-layout
simulation results and use nonparametric regression to develop
closed-form analytical power and area models. Finally, our models
include all the router microarchitectural parameters to enhance
its usability at the system-level and efﬁciency for design space
explorations.
III. I MPLEMENTATION F LOW AND D ESIGN OF E XPERIMENTS
A. Implementation Flow and Tools
Figure 1 shows our implementation ﬂow which includes traditional synthesis, placement and routing (SP&R) ﬂow plus power
estimation and model generation steps that we have scripted for
“push-button” use in our experiments. The steps in Figure 1 represent the major physical design steps. At each step we require that
the design must meet the timing requirements before it can pass on
to the next step.
Router RTL
Synthesis
Floorplan
Placement

we can set certain optimization objectives among which are: (1)
target frequency, (2) target area, and (3) target power. Choosing
different combinations of these objectives yields widely different
quality of results. Hence, to mimic a typical industrial timing-driven
ﬂow, where certain performance constraints must be satisﬁed, we
impose the target frequency as the primary objective while area and
power minimization are considered as secondary objectives [17].
In addition to optimization parameters, there are some ‘inherent
noise’ in IC implementation tools that may be aggravated with
respect to tightness of the timing constraint (i.e., target frequency)
[13]. Therefore, we implement the designs at a slightly slower
frequency than the maximum achievable. To obtain near-maximum
clock frequency we run several synthesis simulations with different
target frequencies, and pick the clock frequency beyond which area
is increased signiﬁcantly without timing improvement.
Using synthesized netlist we implement the designs through place
& route (P&R) steps. We set the row utilization and aspect ratio of
all the designs to 65% and 1, respectively, at the ﬂoorplan stage.
Since our goal is to develop microarchitectural router power and
area models we do not perturb the row utilization and aspect ratio
values after they are ﬁxed. At the end of routing stage we extract
the design power/area and associate them with the corresponding
microarchitectural values.
We use Netmaker v0.82 [27] to generate a library of synthesizable
router RTLs. We perform our experiments using libraries in TSMC
130nm, 90nm, and 65nm technologies. Target clock frequencies for
the above technologies are 200 MHz, 300 MHz, and 400 MHz,
respectively. We use Synopsys Design Compiler v2009.06-SP2 to
synthesize the RTL designs and Cadence SOC Encounter v7.1 [31]
to execute the P&R ﬂow. Finally, MARS3.0 tool suite is used for
model generation [28].
B. Design of Experiments
As with any other model characterization task, it is not trivial
to obtain a meaningful power data set, as large number of variables determine the ultimate results. Hence, we only choose the
microarchitectural parameters that are of interest at the systemlevel. In addition, as explained in Section III-A, we ﬁx certain
implementation-related objectives / parameters across the entire
design of experiments. In our experiments, we use Netmaker to
generate a library of fully-synthesizable parameterized router RTLs.
We pick a baseline virtual channel (VC) router in which VC
allocation and switch allocation are performed sequentially in one
clock cycle. In a VC router the microarchitectural parameters are:
• f w: ﬂit-width is the width of link or channel between routers
and is speciﬁed in bits
• nvc : number of virtual channels
• nport : number of input and output ports (e.g., 5 for mesh
topology: N, S, E, W, and tile connection)
• lbuf : buffer length which is the number of ﬂit buffers per virtual
channel (i.e., per input port)
TABLE I
L IST OF ROUTER MICROARCHITECTURAL PARAMETERS USED IN OUR
DESIGN OF EXPERIMENT.
Parameter
Variables
fw
{16, 24, 32, 64}-bits
nvc
{2, 3, 5, 7}
nport
{3, 5, 7, 9}
lbuf
{2, 3, 5, 7}-ﬂit buffers

CTS
area reports
Routing
Power Simulation

user-defined
switching activity

Model Generation

Fig. 1.

Implementation ﬂow.

In the ﬂow, we ﬁrst generate a library of fully-synthesizable
router RTLs using Netmaker [27]. We generate the library by
choosing a router microarchitecture and sweeping the corresponding microarchitectural parameters space. Then we synthesize RTL
codes with worst-case timing libraries. During synthesis process

Using automation scripts we vary the above parameters and
generate corresponding RTL for each combination of parameters.
Table I shows the router microarchitectural parameters and the
values they take on in our design of experiments. We then implement
the RTL codes in three technology nodes using TSMC 130nm G,
90nm G, and 65nm GP libraries. As explained in Section III-A
for synthesis step we use a target frequency slightly slower than
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the near-maximum clock frequency. We also ﬁx row utilization and
aspect ratio values to 65% and 1, respectively. According to Table I
there are 256 conﬁgurations (i.e., RTL descriptions) per technology
node. This implies a total of 768 synthesis and 768 place and route
(P&R) runs across all three technology nodes. Due to relatively
simple router logic, each synthesis simulation takes up to 3 minutes,
and each place and route simulation takes up to 15 minutes on
a 2.0GHz Intel Xeon processor. Hence, using 10 CPUs we can
perform the entire design of experiments in less than a day. Note
that having access to LSF and/or other multiprocessor computing
environments (as is the case in large companies) will signiﬁcantly
reduce the setup time to generate the necessary power and area
data sets for our models. We also note that the router conﬁguration
space is quite large. For example, if we assume that buffer length
can vary from 1 to 40 ﬂits, number of ports can vary from 2 to
16 (for high radix routers), ﬂit-width can vary from 8 to 128 bits
in 8-bit increments, and number of VCs can vary from 1 to 10,
then there are approximately 100000 possible router conﬁgurations,
which are impractical to explore exhaustively. Our models, which
are developed using only a small subset (of conﬁgurations), have
very small overhead in terms of number of experiments.
IV. M ODELING M ETHODOLOGY
Approximating a function of several to many variables using only
the dependent variable space is a well-known problem with applications in many disciplines. The goal is to model the dependence of
a target variable y on several predictor variables x1 , · · · , xn given
R realizations {yi , x1i , · · · , xni }R
1 . The system that generates the
data is presumed to be described by [9]
y = f (x1 , · · · , xn ) + 

(1)

over some domain (x1 , · · · , xn ) ∈ D ⊂ R containing the
data. Function f captures the joint predictive relationship of y on
x1 , · · · , xn , and the additive stochastic noise component , usually
reﬂects the dependence of y on quantities other than x1 , · · · , xn that
neither controlled nor observed. Hence, the aim of the regression
analysis is to construct a function fˆ(x1 , · · · , xn ) that can accurately
approximate f (x1 , · · · , xn ) over the domain D of interest. There
are two main regression analysis methods: (1) global parametric,
and (2) nonparametric. The former approach has limited ﬂexibility,
and can produce accurate approximations only if the assumed
underlying function fˆ is close to f . In the latter approach, fˆ does
not take a predetermined form, but is constructed according to
information derived from the data. Multivariate adaptive regression
splines (MARS) is a nonparametric regression technique which is an
extension of linear models that automatically models nonlinearities
and interactions, and is used in our methodology.
n

A. Problem Formulation
Given a router microarchitecture X μarch , circuit implementation C circ , we apply MARS to construct router power and
, · · · , xμarch
, ccirc
, · · · , ccirc
area models, p = fˆ(xμarch
n
1
n ), and
1
μarch circ
circ
a = ĝ(xμarch
,
·
·
·
,
x
,
c
,
·
·
·
,
c
),
respectively.
Varin
1
n
1
ables xμarch
, · · · , xμarch
, and ccirc
, · · · , ccirc
denote router min
1
n
1
croarchitectural and implementation-related parameters, respectively. The general MARS model can be represented as [24]
ŷ = c0 +

I

i=1

ci

J


bij (xij )

μarch
b−
− tij ) = [−(xμarch − tij )]q+
ij (x

(tij − xμarch )q xμarch < tij
=
0
otherwise
μarch
− tij ) = [+(xμarch − tij )]q+
b−
ij (x

μarch
(x
− tij )q x > tij
=
0
otherwise

j=1

(4)

where q (≥ 0) is the power to which the splines are raised to adjust
the degree of ŷ smoothness, and tij is called a knot. When q = 0
simple linear splines are applied.
The optimal MARS model is built in two passes. (1) Forward
pass: MARS starts with just an intercept, and then repeatedly adds
basis function in pairs to the model. Total number of basis functions
is an input to the modeling. Backward pass: during the forward pass
MARS usually builds an overﬁt model; to build a model with better
generalization ability, the backward pass prunes the model using a
generalized cross-validation (GCV) scheme
n
1 k=1 (yk − ŷ)2
(5)
GCV (K) =
n [1 − C(M ) ]2
n
where n is the number of observations in the data set, K is the
number of non-constant terms, and C(M ) is a complexity penalty
function to avoid overﬁtting.
To generate the required data set for power and area modeling
we use a library of fully-synthesizable router RTLs and implement
them through a complete physical design ﬂow to get placed and
routed designs. W then perform switching activity-aware power
estimation to accurately estimate power values. Area values can
be extracted once we have the placed and routed design. Router
microarchitecture impacts its power as it determines the underlying
circuit components and their activity. The area of a router is also
determined by the chosen microarchitecture and the circuit implementations. We assume that across all possible microarchitectural
parameter values, circuit implementation (i.e., ﬂow, optimization
objectives, etc.) are ﬁxed. Hence, our proposed models accurately
capture the impact of microarchitectural parameters on router power
and area within a CAD-speciﬁc ﬂow.
B. Power Modeling
In this subsection, we describe an architectural-level parameterized power model for network routers given router microarchitecture
χμarch and underlying circuit implementations C circ . We derive
models for both dynamic and leakage power. Dynamic power is
due to charging and discharging of switching capacitances, and
leakage power is due to subthreshold and gate leakage currents.
Dynamic power consumption in CMOS circuits is formulated as
2
× fclk , with fclk the clock frequency,
pdyn = 21 α × csw × vdd
α the switching activity, csw the switching capacitance, and vdd
the supply voltage. Dynamic power can be further divided into two
categories: (1) switching power, and (2) internal power. The former
(Equation (6)) is the dynamic power consumed by the charging and
discharging of the output load external to the cells, while the latter
(Equation (7)) is the dynamic power dissipated within cells.
pswitching =

(2)

where ŷ is the target variable (i.e., router power and area in
our problem), c0 is a constant, ci are ﬁtting coefﬁcients, and
bij (xij ) is the truncated power basis function with xij being the
microarchitectural parameter used in the ith term of the j th product.
I is the number of basis functions and J limits the order of
interactions. The basis functions bij (xij ) are deﬁned as

(3)

1
2
× fclk
× cload × vdd
2

(6)

1
2
× fclk + vdd × isc
(7)
× cint × vdd
2
where, cload and cint are capacitive and internal loads, respectively.
Short-circuit current, isc , is the current between NMOS and PMOS
when they are both on. Short-circuit current is noticeable only when
the input slews are extremely large. Also, we note that accurate
power estimation requires accurate switching activity estimation,
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hence we report power with different switching activity values.
Finally, we extract switching and internal power data sets and
then normalize the power values with respect to switching activity,
supply voltage, and clock frequency. Thus, the goal is to model
pswitching
pinternal
dependence of α×v
and α×v
on microarchitectural
2 ×f
2 ×f
clk
clk
dd
dd
parameters. The modeling task becomes one of ﬁnding ĉload and
ĉint as functions of the microarchitectural parameters: ĉload =
, · · · , xμarch
), and ĉint = fˆ2 (xμarch
, · · · , xμarch
).
fˆ1 (xμarch
n
n
1
1
As technology scales to deep sub-micron processes, leakage
power becomes increasingly important as compared to dynamic
power. There is thus a growing need to characterize and optimize
network leakage power as well. The largest percentage of static
power results from source-to-drain subthreshold leakage current.
However, from 65nm and beyond gate leakage gains importance
and becomes a signiﬁcant portion of the leakage power. This is even
more visible for high-performance applications where gate oxides
are much thinner (i.e., ∼1.5nm in 65nm HP library). We consider
both subthreshold and gate leakage currents by using the average
leakage current from the Liberty. Leakage power is dependent
on the supply voltage and temperature, which are deﬁned by the
library used (i.e., through the characterization process). Leakage
power can be shown as, pleak = vdd × ileak , where ileak is the
leakage current which includes both subthreshold and gate leakage
currents. To model leakage power, we ﬁrst normalize the leakage
power values with respect to the supply voltage, and then estimate
the leakage current as a function of microarchitectural parameters,
, · · · , xμarch
). Figure 2 shows our proposed
ileak = fˆ3 (xμarch
n
1
router power model for the target router described above in 65nm.
Table I shows all the microarchitectural parameters in our models
(in Section III-B).
Basis Functions
b1 = max(0, nport – 3); b2 = max(0, nvc – 2)×b1 ;
b3 = max(0, lbuf – 2)×b2 ; b4 = max(0, f w – 16)×b3 ;
b5 = max(0, lbuf – 2); b6 = max(0, f w –16);
b7 = max(0, nvc – 2); b8 = max(0, nport – 5)×b6 ;
b9 = max(0, 5 – nport )×b6 ; b10 = max(0, nport – 5)×b5 ;
b11 = max(0, 5 – nport )×b5 ; b12 = max(0, nvc – 2)×b11 ;
b13 = max(0, f w – 16)×b12 ; b14 = max(0, f w – 16)×b7 ;
b15 = max(0, f w – 16)×b5 ; b16 = max(0, nport – 7);
b17 = max(0, 7 – nport ); b18 = max(0, nvc – 2)×b10 ;
b19 = max(0, nport – 5)×b7 ; b21 = max(0, nport – 3)×b15 ;
b22 = max(, nport – 5)×b14 ; b23 = max(0, 5 – nport )×b14 ;
b24 = max(0, nvc – 2)×b15 ; b25 = max(0, nvc – 2)×b17 ;
Power Model
p = α × (1.714 + 0.861 × b1 + 0.199 × b2 + 0.180 × b3 +
0.002 × b4 + 0.741 × b5 + 0.055 × b6 + 0.690 × b7 +
0.017 × b8 − 0.007 × b9 + 0.233 × b10 − 0.106 × b11 +
0.120 × b12 + 0.002 × b13 + 0.019 × b14 + 0.012 × b15 +
0.382 × b16 − 0.078 × b18 + 0.224 × b19 + 0.004 × b21 +
0.004 × b22 − 0.003 × b23 + 0.004 × b24 + 0.050 × b25 )
2 ×f
×vdd
clk
Fig. 2.

network routers increases (e.g., 19% of total area in the Intel 80core chip [10]). As area is an important economic incentive in IC
(integrated circuit) design, it needs to be estimated early in the
design ﬂow to enable efﬁcient design space exploration. In this
section we present an accurate model for router area. For each router
conﬁguration, we extract the logic area from the corresponding
placed and routed netlist. We then use nonparametric regression
to develop router area model. The general form of the area model
can be shown as:
a = f (xμarch
, · · · , xμarch
, ccirc
, · · · , ccirc
n
1
n )
1
,···
xμarch
1

Another useful contribution of our method is to identify the
importance of each of the microarchitectural parameters in the
overall router power. To calculate variable importance, we use
MARS to reﬁt the model after dropping all terms involving the
variable in question and calculating the reduction in goodness of
ﬁt (i.e., microarchitectural parameters are independent). The least
important variable is the one with the smallest impact on the model
quality; similarly, the most important variable is the one that, when
omitted, degrades the model ﬁt the most.
C. Area Modeling
With the increase in number of cores on a single design, the
area occupied by the communication components such as links and

ccirc
,···
1

(8)

, ccirc
n

and
are router microarwhere
chitectural and circuit implementation parameters, respectively. The
circuit implementation parameters are deﬁned by (1) design library,
and (2) the speciﬁc choice of implementation parameters (e.g.,
target frequency, aspect ratio, row utilization, etc.). To factor out
the impact of ﬂoorplanning on area we use sum of standard cells
areas as the router area. The sum of standard cell areas depends on
logical depth of different router components. Figure 3 shows our
proposed router area model for our target router in 65nm.
Basis Functions
b1 = max( 0, nport – 3); b2 = max(0, nvc – 2)×b1 ;
b3 = max(0, lbuf – 2)×b2 ; b4 = max(0, f w – 16)×b2 ;
b5 = max(0, lbuf – 2); b6 = max(0, f w – 16)×b5 ;
b7 = max(0, nvc – 2); b8 = max(0, nport – 5)×b7 ;
b9 = max(0, 5 – nport )×b7 ; b10 = max(0, nport – 7)×b6 ;
b11 = max(0, 7 – nport )×b6 ; b12 = max(0, nvc – 2)×b6 ;
b13 = max(0, f w – 16); b14 = max(0, nport – 7)×b5 ;
b15 = max(0, 7 – nport )×b5 ; b16 = max(0, nport – 5)×b13 ;
b17 = max(0, 5 – nport )×b13 ; b18 = max(0, lbuf – 2)×b9 ;
b19 = max(0, nvc – 5)×b10 ; b20 = max(0, 5 – nvc )×b10 ;
b21 = max(0, nport – 7); b23 = max(0, nvc – 5)×b1 ;
b25 = max(0, nvc – 2)×b13 ;
Area Model
a = 0.008 + 0.006 × b1 + 0.001 × b2 + 0.0004 × b3 +
2.351e − 5 × b4 + 0.006 × b5 + 0.0001 × b6 +
0.006 × b7 + 0.002 × b8 + 2.736e − 5 × b10 –
1.819e − 5 × b11 + 4.480e − 5 × b12 + 0.0004 × b13 +
0.001 × b14 − 0.0002 × b15 + 0.001 × b16 –
0.001 × b17 + 0.001 × b18 + 9.684e − 5 × b20 –
3.100e − 5 × b21 + 1.073e − 5 × b22 − 3.299e − 6 × b23 +
7.777e − 5 × b24 − 5.265e − 5 × b25 ;
Fig. 3.

Power model for our target router in 65nm.

, xμarch
n

Area model for our target router in 65nm.

V. VALIDATION AND S IGNIFICANCE A SSESSMENT
We now validate the router power and area models described in
earlier sections. We compare four different models: (1) our proposed
new model (New), (2) a model derived using synthesis data sets,
i.e., with the same methodology as in (1) (Synth.), (3) a model
derived using parametric regression (Reg.), and (4) ORION 2.0. In
(1) and (2) we use nonparametric regression method to develop
the models. In (2) switching power is unrealistic due to the use
of inaccurate wireload models during synthesis. Also, during P&R
stages certain cells are up or down sized accordingly which results
in further differences in internal and leakage power between (1)
and (2). The relatively large error of “Synth.” models is because
we use a different target variable space for model generation
(i.e., post-synthesis power values), but evaluate the model at a
new target variable space (i.e., post-layout power values). If we
evaluate the “Synth.” models with post-synthesis power and area
values their accuracy matches that of the new models. To develop
“Reg.” model we extract corresponding power and area data sets
from the P&R tool for a baseline VC router. The drawback of
parametric regression methods (i.e., linear, quadratic regression,
etc.) is their limited accuracy since there are no procedures in
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TABLE II
S ENSITIVITY OF THE PROPOSED MODELS WITH RESPECT TO DIFFERENT TRAINING /
Metric
minimum % error
maximum % error
average % error

str = 1/2
0.006
12.415
1.662

Power Model
str = 1/3 str = 1/5
str = 1/10
0.006
0.007
0.01
49.226
81.112
109.224
4.012
7.997
27.177

str = 64
0.006
77.321
21.230

str = 1/2
0.0004
14.105
1.814

TESTING SET SIZES .

str = 1/3
0.038
43.099
3.700

Area Model
str = 1/5 str = 1/10
0.042
0.054
78.236
111.384
8.568
25.163

str = 64
0.044
61.236
16.417

TABLE III
C OMPARISON OF DIFFERENT POWER AND AREA MODEL ACCURACY WITH RESPECT TO IMPLEMENTATION DATA .
Metric
minimum % error

maximum % error

average % error

130nm
90nm
65nm
130nm
90nm
65nm
130nm
90nm
65nm

New
0.0112
0.0081
0.0067
62.053
60.073
59.413
6.012
5.654
5.817

Power Model
Synth.
Reg.
30.453
7.659
28.361
7.236
28.854
6.921
47.735
96.512
47.232
92.312
48.343
108.369
42.610
23.463
40.197
25.110
37.494
24.431

the modeling methodology to help the modeler understand the
interactions between the predictors (i.e., independent variables).
To model router power, using parametric regression, we need to
understand the speciﬁc circuit implementation used for each of
router building blocks (i.e., FIFO buffers, crossbar switch, and VC
/ switch allocation).
In the baseline VC router, FIFO buffers are implemented as ﬂipﬂop registers, and a multiplexer tree crossbar implementation along
with combined VC and switch allocation is used. For FIFO buffers,
power is linearly dependent on the buffer length (lbuf ), ﬂit-width
(f w), number of ports (nport ), and number of VCs (nvc ). As either
buffer length or ﬂit-width increases, we expect FIFO dynamic and
leakage power to increase linearly. This is because buffer length and
ﬂit-width linearly increase the number of ﬂip-ﬂops required. If we
increase the number of VCs, buffer dynamic power will not change
since the number of ﬂits arriving at each input port is the same.
However, we expect leakage power to increase linearly because in
VC routers there are nvc queues in each input port. Finally, the
number of router ports linearly changes FIFO dynamic and leakage
power because addition of a new port will add a new buffer set,
i.e., with the same buffer length and ﬂit-width.
In a nport × nport multiplexer tree crossbar implementation,
power is linearly (quadratically) dependent on ﬂit-width (number
of ports), respectively. Buffer length and the number of VCs have
no impact on crossbar power. Flit-width linearly increases power
since it linearly increases the number of parallel multiplexer needed
to implement the f w-bit nport :1 multiplexers. As we increase the
number of ports, we expect crossbar dynamic and leakage power to
increase quadratically since a nport ×nport crossbar allows arbitrary
one-to-one connections between nport input ports and nport output
ports.1 In our baseline VC router VC allocation is modeled as VC
“selection” instead, as was ﬁrst proposed in [14]. In this approach,
the pipeline ﬁrst goes through switch allocation, before selecting an
available VC, effectively simplifying VC allocation to reading from
a queue of available VCs. Power consumed thus becomes largely
invariant to actual number of VCs, however, power is quadratically
dependent on the number of ports. This is because the request width
for each arbiter, in allocation stage, increases linearly with respect
to the number of ports, and also the number of such arbiters is
1 Note that we have extracted the power data set from after the P&R
stage which includes accurate interconnect switching power. Hence, crossbar
power quadratically increases with respect to the number of ports due to
n2port increase in interconnect length.

ORION2.0
9.526
6.865
7.730
103.214
85.345
81.810
41.326
30.224
32.780

New
0.0011
0.0015
0.0010
60.723
60.151
61.844
5.961
5.019
5.411

Area Model
Synth.
Reg.
0.062
29.884
0.064
27.821
0.056
29.115
30.231
107.772
29.787
109.236
30.914
111.278
13.143
26.332
12.225
27.113
11.410
26.226

ORION2.0
10.121
8.229
9.111
104.118
88.331
86.228
38.117
32.566
33.298

proportional to the number of ports.
We use MATLAB [26] to develop the parametric regression-based
models using 64 (out of 256) data points for training and the rest
of the sample set for testing. For dynamic power we normalize the
dynamic power values with respect to switching activity α, supply
voltage vdd , and clock frequency fclk and deﬁne the switching
capacitance as in Equation (9). For leakage power, we normalize
the leakage power values with respect to supply voltage, and deﬁne
the leakage current as in Equation (10). Dynamic and leakage power
models are then constructed by plugging back the normalizing
parameters into the corresponding equations.
cswitching = a1 × (lbuf × f w × n2port ) +

(9)

b1 × (n2port × f w) + c1 × (n2port )
ileak = a2 × (lbuf × f w × nvc × n2port ) +

(10)

b2 × (n2port × f w) + c2 × (n2port × nvc )
where a1 , a2 , b1 , b2 , c1 , and c2 are ﬁtting coefﬁcients. In both
Equations (9) and (10) the ﬁrst, second, and third terms are due to
FIFO buffers, crossbar, and VC / switch allocation, respectively. We
do not account for the contribution of the control logic to the overall
power, and this could degrade the quality of the ﬁt compared against
the implementation data. In parametric regression-based techniques
the ﬁtting accuracy cannot be enhanced unless the underlying
functional form is close approximation of the original function.
We also run ORION 2.0 with similar microarchitectural parameters
as those of the corresponding implemented router designs. Table
III shows a comparison of the aforementioned models against the
implemented router designs. We notice the signiﬁcant accuracy
improvement of our new models.
Table IV shows relative variable importance using post-synthesis
and post-layout power data sets. As described in Section IV-B,
we use MARS3.0 to ﬁnd the relative importance of each of the
microarchitectural parameters in the overall power estimation. We
observe that nvc and nport are the dominant parameters with
respect to the post-synthesis and post-layout data sets, respectively.
This shows the impact of missing layout information at the postsynthesis stage. After synthesis, the RTL design is only mapped
to a standard-cell library and does not include detailed wiring
information. This results in underestimation of the crossbar power.
In a multiplexer tree crossbar, power is due to (1) multiplexers and
(2) the interconnection grid between nport input and nport output
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ports. When the interconnection power is ignored, crossbar power
is modeled as O(nport log2 nport ). This changes to a quadratic
dependence after layout information becomes available. In our
current router microarchitecture, this is the major difference between
post-synthesis and post-layout data; however, absolute power values
of all microarchitectural blocks differ between post-synthesis and
post-layout power data sets.
To assess the robustness of our approach we used ﬁve different
scenarios to train and test our models. Table II shows minimum,
maximum, and average error of our new models based on these
scenarios. In the ﬁrst four scenarios we train our models using a
fraction str of the available data points, and validate them on the
rest of the points. This is to assess the sensitivity of the model
to the sampling size. However, in the ﬁfth case, to verify whether
the model is general enough we use only 64 (out of 256) data
points to train the model, but validate it across all 256 available
data points. We observe that as the sampling size decreases, the
accuracy of the model also degrades. However, we can obviously
trade off model accuracy for additional setup time. In addition,
Figures 4, 5, 6, and 7 show the signiﬁcant accuracy improvement
of our new model relative to ORION 2.0 when compared against
router implementation data.
TABLE IV
R ELATIVE VARIABLE IMPORTANCE USING POWER DATA SETS .
Parameter

40.00

35.00

35.00

30.00

30.00
25.00

Implementation

20.00

Model
ORION 2.0

15.00
10.00

Router total power (mW)

Router total power (mW)

nport
nvc
lbuf
fw

Variable Importance (%)
Post-Synthesis
Post-Layout
92.98
100.00
100.00
95.44
88.41
73.99
67.03
64.81

25.00
20.00

Implementation
ORION 2.0

15.00

Model

10.00
5.00

5.00

0.00

0.00
0

2

4

6

0

8

20

Fig. 4.
Router total power with
respect to buffer length.

60

80

Fig. 5.
Router total power with
respect to ﬂit-width.

60.00

40.00

50.00

35.00

40.00
Implementation
30.00

Model
ORION 2.0

20.00
10.00

Router total power (mW)

Router total power (mW)

40
Flit-width

Buffer length

30.00
25.00

Implementation

20.00

Model
ORION 2.0

15.00
10.00
5.00

0.00

0.00

0

2

4

6

8

10

Number of ports

Fig. 6.
Router total power with
respect to number of ports.

0

2

4

6

8

Number of VCs

Fig. 7.
Router total power with
respect to number of virtual channels.

VI. C ONCLUSIONS
Accurate estimation of power and area of interconnection network
routers in early phases of the design process can drive effective
NoC design space exploration. Existing router power and area
models (e.g., ORION 2.0 [12], Xpipes [7], etc.) are based on
certain architectures and circuit implementations. Therefore, they
cannot guarantee maximum accuracy within an architecture-speciﬁc
CAD ﬂow. In this paper, we have proposed an efﬁcient router
power and area modeling methodology in which the underlying

architecture and circuit implementation are decoupled from the
modeling effort. In addition, our models show a signiﬁcant accuracy
improvement over the existing models, i.e., within 6% (on average)
of the implementation data. This enables system-level designers to
efﬁciently perform design space exploration without having to know
the underlying router microarchitecture and circuit implementation
details. We have also presented a reproducible methodology for
developing our models given a NoC component library.
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