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ABSTRACT

This paper presents accurate area, time, power estimatatels for implementations using FPGAs from the Xilinx
Virtex-2Pro family [1]. These models are designed to feaié efficient design space exploration in an automatedittigo-
architecture codesign framework. Detailed models fonesting the number of slices, block RAMs and 18x18-bit mlikifs
for fixed point and floating point IP cores have been developpbdse models are also utilized to develop power models that
consider the effect of logic power, signal power, clock poaed /O power. Timing models have been developed to predict
the latency of the fixed point and floating point IP cores. Incakes, the model coefficients have been derived by using
curve fitting or regression analysis. The modeling errornigegsmall for single IP cores; the error for the area estmtr
instance, is on the average 0.95%. The error for fairly lagemples such as floating point implementation of 8-pointd-F
is also quite small; it is 1.87% for estimation of number d€est and 3.48% for estimation of power consumption. The
proposed models have also been integrated into a hardwévease partitioning tool to facilitate design space exptmn
under area and time constraints.

Keywords: FPGA, estimators for area, time, power, IP core, regresaialysis, design space exploration

. INTRODUCTION

Reconfigurable hardware, especially field programmable gatays (FPGA), are widely used for rapid prototyping of
digital signal processing (DSP) systems. Since FPGA basgdtectures can be reconfigured according to user-specifie
design parameters, they are great candidates for achiéwgig performance at low cost. Recent FPGA platforms have
millions of gates, up to 500MHz clock frequency, reasondahge on-chip memory and fast I/O interface. As a result,
they provide an easy and cost-effective way to evaluate Dg#tithms from an implementation perspective. HoweverPDS
algorithm developers still prefer to use high-level langeslike C or MATLAB [2] to prototype and test their algoritsm
One way of bridging the gap is to provide an easy mechanismnrdoslating the high level algorithmic description onto an
FPGA platform using parameterizable Intellectual Prop@iR) cores [3], [4], [5], [6].

IP core based designs have greatly reduced the time and effbardware development. However, these designs cannot
always satisfy the area-time-power constraints in a shestgih cycle. An example is the feedback-driven search ihgor
for parameterized IP core based design for automatic degigoe exploration and optimization proposed in [7]. Thenmai
challenge here is the time for area, time and power evaluakaisting commercial tools from Xilinx and Synopsys can
report accurate resource numbers but only after going tfirabe Synthesis, Placement and Routing (P&R) flow, which
can take significant amount of time. For instance, a medizedsdesign with 50% slice utilization can take 30-40 minutes
while a large design with 80% slice utilization can easiligetaan hour. Clearly, there is a need to develop fast area, time
and power estimates.

There are several estimation tools for FPGA based implestiens. High-level area and delay estimates are directly
obtained from MATLAB descriptions in [8], [9]. Both of themxtact register and functional unit usage of MATLAB
descriptions to generate the estimates. [8] provides amdels to estimate the maximum number of Configurable Logic
Blocks (CLBs) and delay models that consider the operatiayd&he technique in [9] is simulation-based, where a satioih
trace containing register and functional unit usage is usesktimate the area and latency. Detailed area models lemre b
developed in [10], [11]. [10] estimates FPGA resources mBdpmting the number of lookup tables (LUT) from the netlist.

T This paper is an extension of the ICASSP’08 paper “Accurateldls for Estimating Area and Power of FPGA Implementations



It takes into account not only gate area and delay but alsevihieg effects. But this approach requires that the design b
synthesized to get the netlist and is more time consuming.mathod in [11] develops area models for higher level design
abstractions such as data-flow graph (DFG). It estimatestbe based on the number of each type of operation and their
average word-length. Unfortunately, the number of openatithat are supported is quite limited and this method idiegp

to only regular algorithms in image processing.

Power models for FPGA implementation have been developgtRin[13]. An RT-level power estimator which considers
wire length capacitance and switching activity has beersidened in [12]. These estimates are made even better in [13]
by considering short-circuit power and leakage power. Qefmgnsive models for large parameterized IP generatoidbase
implementations have been presented in [14], [15]. Whil¢] [dresents function-level area and power models for fast
Hadamard transform (FHT), [15] presents area models fdy filstomizable discrete Fourier transform (DFT). Thushbot
[14] and [15] are algorithm specific.

In this paper we provide fast and accurate estimates of &éirea,and power for any implementation based on Xilinx
Virtex-2Pro FPGA. The models are integrated with the FANT@I [16], which is an algorithm-architecture co-design
platform for generating fully pipelined hardware accefera from user-provided MATLAB scripts. By adding the madg|
aspect to the FANTOM tool, the system-level designer is joley with fairly accurate hardware-related estimates tolgu
hardware-software partitioning and even algorithm tuniAtso, our models have reduced the time for area and power
estimation per design to several microseconds, thus makiag exhaustive design space search feasible.

The proposed modeling work is quite general and is built fesighs that utilize the parameterizable IP cores from
Xilinx as well as custom-made kernels. Specifically, we dlgvearea, time and power models for both fixed-point (FX)
and floating-point (FP) IP cores for addition/subtractionltiplication, square root and reciprocal operationgrirgilinx,
along with custom-made kernels such as ‘round’ and ‘shifemtions. The models are obtained by curve fitting and finea
regression. The area models of the IP cores are representednms of models for number of slices, number of block
RAMs (BRAM) and number of 18x18-bit multipliers. In a largegign that consists of multiple IP cores, the total number
of slices is estimated by an empirical model that also také&s account slice utilization. The power consumption medel
are represented by those that are related to area such apger, clock and signal power, and those that are not cklate
to area such as static power and 1/O power. The timing modelsepresented by latency and expressed in number of
clock cycles. Overall, the area, power and timing modelshaghly accurate. For instance, for designs with very higbesl
utilization, such as fully pipelined floating point implentation of 8-point FFTs, the error is only8r% for estimation of
number of slices, 38% for estimation of power consumption and no-mismatchtifoe estimation. Finally, these models
have been integrated into a hardware-software (HW-SW/tioaing method to support fast design space exploration.

The rest of the paper is as follows. Section Il gives a brigbituction of the FANTOM tool and the Xilinx IP generator.
Section Il presents the detailed area and timing modeldHerIP cores, followed by models for system-level area and
power consumption. Section IV validates the proposed nsoftel lookup table based designs as well as FFT and DCT
computations. Section V shows how these models can be useeffitient design space exploration. Section VI offers
concluding remarks.

1. EXISTING WORK
[I-A. FANTOM Tool

FANTOM is an algorithm architecture co-exploration platfofor generating fully pipelined hardware acceleratoosrfr
user-provided MATLAB descriptions [16]. Figure 1 shows thleck diagram of the automated design flow in FANTOM.
The input consists of a MATLAB description of the numericddaithm, test data set, suitable optimization schemes, as
well as constraints on accuracy, latency, area, and povirer.olitput is an efficient FPGA based system in which the host
computer supervises the FPGA based accelerator.

The first stage of the FANTOM flow is the code parser and anal{@®A) which transforms the input specifications
into an intermediate representation known as ASG (AbstBeitax Graph). The optimized ASG is then processed by
the algorithm optimizer which applies optimization teaumes related to table look up and data traversal. After theee
stages, two different flows are adopted: one to generateMaaedmodules for the FPGA board and the other to generate
software modules for the host computer. The hardware macyéements the ASG operations using Xilinx IP cores and
custom-made kernels, and downloads the hardware descriptiguage (HDL) code onto the FPGA platform. The software
module generates the host program to supervise the opesatithe FPGA platform. FANTOM provides an area-time-power
estimation block inside the hardware module to facilitaidyedesign space exploration. In the rest of the paper, wserie
the area-time-power models and illustrate their use inglespace exploration.
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[1-B. IP Core Implementations

The FANTOM tool makes extensive use of Intellectual Prop@R) cores provided by Xilinx [17]. Examples of Xilinx IP
cores include arithmetic computation units (in both fixethpand floating point formats), industry standard UART cotier
and IIC (Inter-Integrated Circuit) interface. The IP coagse customized by (a) parameters that control the funditgne.g.,
size of input and output vectors, precision of the inputpatitand intermediate data values, ordering of input anduiutp
vectors, and scaling scheme to avoid overflow, and (b) pasméhat control the implementation choice, e.g., number
of parallel modules, storage of intermediate data on bloAMRBRAM) macros or on distributed RAMs. The IP core
generator produces synthesizable register transfer éayeg(RTL)-level HDL descriptions of IP cores.

Table I lists the MATLAB operations and the correspondingctifes. For example, the addition ) operation is mapped
to Xlinx LogiCORE Adder/Subtracter v7.0 [18]. In additiothere are custom-made kernels such as lookup table (LUT)
based computation units, and functional units to implentlieat'round’ function and ‘shift’ function.

Table I. List of available components in IP core library.

Operation Functional Unit

+/- LogiCORE Adder/Subtracter v7.0

* LogiCORE Multiplier v8.0

Reciprocal LogiCORE Divider v1.0

Sqrt LogiCORE Cordic v3.0

Floating Point Operatorl LogiCORE Floating-Point Operators v3.0
Lookup table Block RAMS

Round Custom-made kernel

Shift Custom-made kernel

1. AREA, TIME, POWER MODELS

This section presents the proposed area, time and powerlsnafdsilinx Virtex-2Pro FPGA based implementations. The
IP cores that are currently supported are listed in Tablésand III.

In order to develop the models, the IP cores are synthesigiad Xilinx ISE 8.2i and Synplify Pro 8.6.2. In each case, at
least 50 configurations with different number of bits areduséhese configurations are synthesized followed by plaoéme
and routing, and curve fitting and non linear regressionyam[19] are used to derive the models. In addition, to dgvel
the power models, ‘Xpower’ [20] is used, in which the cloc&duency is set to 125MHz, activity factor to 12.5% and other
parameters are set by default. For each IP core, the estimatror is given by:

Synthesis result — Estimated_result
Synthesis result

abs. value(

)



[11-A. Area Models

The models for estimating area of both fixed point and floapo@t IP cores are represented in terms of number of
slices, number of block RAMs and number of X483 multipliers.

The number of occupied slices is one of the most importantionfetr representing the area of a FPGA implementation.
In Xilinx Virtex-2Pro family there may be as many aski4lices. All the slices are packed in the Configurable LogincRé
(CLB) and distributed all over the device, as shown in thersmangles in Figure 2(a). Each slice consists of two fumcti
generators that can be configured as 4-input lookup tabebijtishift registers or 16-bit distributed SelectRAM+ meny)
and two storage elements that can be configured as D-flip flofzahes, carry logic, and arithmetic logic gates, as shown
in Figure 2(b).
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Fig. 2. (a) Distribution of CLBs in an FPGA architecture; (b) Vixt@Pro FPGA slice configuration.

Virtex-2Pro FPGA also provides as many as 444 of 18K-bit BIBAM (BRAM) and 18x 18-bit Multiplier (MULT18).
Both BRAM and MULT18 are dedicated resources in the FPGA &ed distribution is shown by the red rectangle region
in Figure 3(a). A closer look shows that each Block RAM and I8kit Multiplier is tied together with switch matrices,
as shown in Figure 3(b), which means we can instantiate reitiieBRAM or the MULT18 but not both.
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Fig. 3. (a) Distribution of BRAMs and Multipliers in an FPGA archdture; (b) Each Block RAM and 18x18-bit Multiplier
is tied together with switch matrices.

The BRAM supports two types of configurations, the first typentains 2Kx9-bit, 1Kx18-bit and 512 36-bit
configurations with access to all 18K-bit memory locaticasd the second type contains 16K-bit, 8Kx2-bit and 4Kx 4-
bit configurations with access to 16K-bit memory locatioimsthe actual implementations, multiple BRAM configuraton
can be grouped parallely or sequentially to instantiatgdanemory.

In the rest of the paper, the following notations are ugex:for “fixed point format” with | for ‘ integer bits” andF for
“fraction bits”, andFP for “floating point format” withE for “exponent bits” andV for “mantissa bits”. For the Xilinx IP



cores, for fixed point) and F can take on values from 0 to 64. For floating point, the rangbitsf for M depend orE.
For instance, it = 6, thenM can be 4 to 29. In additiorin() andout() represent the number of input bits and output bits,
respectively.

[11-Al. Fixed Point IP Cores

We have built models for IP cores and custom-made kernelsabpeg in fixed point format. Table I lists the cores and the
corresponding model parameters.

Number of Slices: Let Sice() denote the estimate of the number of slices in an IP core. We Harived expressions for
estimating the number of slices for the cores listed in Tébl8ome of these expressions are listed below.

Sice(add/sub_FX) = 0.5-max( iny(l +F), iny(l+F))
Sice(sgrt_FX) = 0.56-[ in(1) +2.00-in(F) ]8%24+ 38.89
Sice(round_FX) =0.5-in(l)

Slice(recip_FX) = 1.32-divisor (I + F) + 1.34- out(F) - divisor (I + F)%93%71.3.55

The relationship between the number of slices and the ingmatrpeters is linear for Add/Sub, Round and Shift; the rextestip

is nonlinear for Square Root, Fixed-to-Float and Reciplddate that the ‘shift’ operation is implemented using cgaofiable
flip-flops in a slice and does not consume any other resoutoe.mfinimum, maximum and average errors for the number
of slices for fixed point IP cores are given in Table Il. Notattkhe errors are very small for each individual IP core.

Table Il. Fixed-point IP cores: Parameters and Errors in estimalisghumber of slices

FX cores Model Parameters Min.Err | Max.Err | Avg.Err
Add/Sub in(1,F), ina(1,F) 0.00% 0.00% 0.00%
Square Root | in(I,F) 0.00% 0.21% 0.10%
Round in(l) 0.00% 0.00% 0.00%
Fixed-to-Float | in(I,F) 0.70% | 4.88% 1.47%
Reciprocal divisor (I,F), out(F) 0.87% | 4.32% 1.58%
Shifter in(lI,F), amount of shift | 0.00% 0.00% 0.00%

Number of 18x18-bit Multipliers: The 18<18-bit multiplier (MULT18) blocks on Virtex-2Pro FPGA arsed automatically
by the synthesis tool to implement multiplications. The MUB block supports two data input ports: 18-bit signed obit7-
unsigned. In the FANTOM tool, we limit the configuration to b&-bit unsigned. Then the number of MULT18 blocks to
implement the product ah;(I,F) andiny(l,F) is given by
inm(l+F), _inp(1 +F)

v v

Mag(mult_FX) = [

Number of Block RAMs: The 18K-bit block SelectRAM+ (BRAM) blocks on Virtex-2PrdPlGA can be instantiated in
the HDL descriptions to implement memory elements like lgpkables (LUT). In order to store a table withentries and

p bits per entry, a BRAM configuration with greater tharentries is selected and then multiple BRAMs of that type are
utilized to accommodate thg bits per entry. For instance, if= 1600, p = 23, we choose the 2K 9-b configuration and
then utilize[22] = 3 of such BRAMs.

[11-A2. Floating Point IP Cores

Models have been built for IP cores and custom-made kerrpgsating in floating point format. Table Ill lists the cores
and the corresponding model parameters.

Number of Slices: We have derived expressions for estimating the number oéslior the floating point cores listed in
Table Ill. Some of these expressions are listed below.

Slice(add_FP) = 5.40- E 4+ 11.06-M+51.20
Slice(sub_FP) = 6.35- E +10.88- M + 47.50
Slice(sqrt_FP) = 2.87-E + 1.02- M?%4% 7567
Slice(recip_FP) = 2.20-E+3.94-M17641 14.24

5.00-E+2.67-M+4.00 if M<17

Slice(mult_FP) = { 366-E+546-M+2482  if M>17



The relationship between the number of slices and the pdeasis linear for Add/Sub and Shift, is nonlinear for Reoial,
Square Root and Float-to-Fixed, and is piecewise linearMaltiplier. The minimum, maximum and average errors for
estimating the number of slices are given in Table Ill. Allcgs are fairly small.

Table I11. Floating-point IP cores: Parameters and Errors for esimgdhe number of slices

FP cores Model Parameters Min.Err | Max.Err | Avg.Err
Add/Sub E, M 0.00% 1.52% 0.74%
Square Root | E, M 0.26% 5.00% 3.24%
Float-to-Fixed | out(l,F) 1.03% 6.07% 1.77%
Reciprocal E, M 0.71% 5.10% 1.33%
Shifter E, M, amount of shift | 0.00% 0.00% 0.00%

Number of 18x18-bit Multipliers. The function to calculate the number of MULT18 blocks neefl@dfloating point
multiplication is shown below. Here both the inputs have ¢ghene number of mantissa bits.

Mag(muit_FP) =121 17

Number of Block RAMs. The number of BRAMs in floating point design is estimated ia #ame way as in the fixed
point design.

I11-B. Total Area Estimation

A typical design consists of multiple components, whereheammponent consists of multiple IP cores, MULT18 blocks
and BRAMs. The total number of BRAM modul€e€Ssfam) and the total number of MULT18 block3y18) can be obtained
by adding the number of these modules in each of the compsnkEitvever, the number of slices in a complete design
cannot be simply estimated by adding the number of slicesad €@omponent. This is because during synthesis, placement
and routing steps, the Xilinx software automatically opties the design and the optimization procedure is not taesp
to the designer. For instance, in a small design, typicatily ®alf of the LUT and flip-flop resources available in a slice
are utilized. As the design gets larger, more of the LUTs aipdflhps in a single slice get utilized and so the number of
slices does not scale proportionately. Also the overheadtduouting increases and tends to occupy a significant numbe
of slices, a factor which is not taken into account in the fmes single-module models.

To correct this discrepancy, we have developed a simple remapimodel based on evaluation of a large number of
candidate designs. We calculated a scaling factpthat is proportional to the number of slices in the desigine Total
number of slices]Tyice is then obtained by scaling the total number of slices by #utof a.

Taice = a(utilization) x ) Slice()

Let Syice = Y Slice() be used to estimate the ‘slice utilization’ of the design. &ygroximate the relationship between
the scaling facton and Syjce by a damped pendulum function [19] as follows.

a(utilization) = A- e PSsice. cogw- (Syice— @)) + 6,

where A = 2.374,3 = 0.0067,w = 0.468, ¢ = 26659, and® = 1.128. This model gives fairly good results as shown in
Section IV.

I11-C. Power Estimation

The power estimate of the FPGA implementation is given bystima of static power and dynamic power. The static power
is set by Xpower and depends on the specific FPGA family. Theadyc power is the sum of logic power, input/output
power, signal power and clock power.

In order to derive the power models, we group the power comptinto two categories: (i) those that are not dependent
on the area of a design, including static power and inputldupower, and (ii) those that are proportional to the area of
design, including logic power, signal power and clock powére power models for the components that are proportianal t
the area of the design are derived by performing nonlinegression analysis on the area and power data of the IP cores.



[11-C1. Power Components not related to Area

Static Power: Xpower has a default static power consumption which is s@0# mW for a single Virtex-2Pro-100 device
in Xilinx ISE 8.2i.

Input and Output Power: When chip voltage, clock frequency and activity rate aredijxbée input power and the output
power depends on the number of Input/Output Blocks (IOB$lictvis proportional to the number of input/output pins in
the design. The expressions for estimating the input anpubystower are listed below.

Power _input = (input_pins) -0.125+ 1
Power _out put = (output_pins) - 2.25

The average error of input and output power estimates08% and 213%, respectively.
[11-C2. Power Components related to Area
The majority of the dynamic power comes from logic powerckl@ower and signal power, which is greatly affected by
the area of the actual implementation. We develop separatieis for implementations that need block RAM and those
that do not. In each case, we derive the model coefficientgyusigression analysis.

Implementations with BRAMSs:
Logic Power: Logic power is a function of the number of slices, block RAMelaviULT18.

Power_logic = a; - (Tqice)™ + 02+ (Tm18)2 + 03+ (Teram)® + C4

whereay, ay, 03, €1, Cp, C3 are constants listed in Table IV.

Signal Power / Clock Power: Signal power is proportional to the number and length of w&tr which signal switching
occurs. Clock power depends on the distribution of the cloeks, which depends on the chip area. We put these two
components together since they are both dependent on Hieatet of the implementations

Power_signal (clock) = 0y - (C1 - Tice + C2 - Tm1s+ Teram)® + Ca

whereay, ¢1, Cp, c3 andcs are constants listed in Table IV.

Table V. Coefficients for power models of implementations with BRAM
Power | a1 oz as C1 C2 C3 [

Logic | 0.03 | -1.28e-7| -5.93 | 1.18 | 4.21 | 0.83 | -1.26
Signal | 0.42 n/a nfa | 0.12 | -0.42 ] 1.09 | 9.46
Clock | 0.18 n/a na | 0.20 | 1.24 | 1.06 | 47.47

Implementations without BRAMSs:

In designs where no BRAMs are needed, the logic power, sigo&ker and clock power can be estimated using similar
formula. However, the actual value of the coefficients arigeqdifferent as shown in Table V.

Power_logic (signal /clock) = (¢ - Tgice + Tm18)%? + C3

Table V. Coefficients for power models of implementations withotRAM
Power [ C C3

Logic | 0.07 | 0.96 | -1.65
Signal | 0.08 | 1.03 | 9.25
Clock | 423 0.59 | -18.73

[11-D. Timing Estimation

The timing model for each IP core is represented by the Igtand expressed in terms of the number of clock cycles.
Clearly, the latency depends on the bit-widths of the inmat autput operands. In floating point implementation, theray
value is based on the exponei) (and mantissa bitsd\{), e.g. the ‘Sqrt’ operation wittM mantissa bits has a latency of
M +4 clock cycles. In fixed point implementation, the latencyueais a function of the integer and fraction bits of the
input and output operands. Table VI presents the timing finfothetions for some of the primitive hardware modules. Ehes
estimates are used by the FANTOM tool to generate timingrimé&tion of the fully pipelined FPGA implementations.



Table VI. Latency estimation for each operation in TANOR.

Operation | Data Type| Model Parameters Latency (cycle)
FX i (T,F), ino(1,F) =1
9 M<4
10 4<M<13
Add/Sub P E M L={ 11 13<M<28
12 28<M<61
13 61<M
: : L=3+c+c
FX Inl(lvF)v |n2(I7F) in .
G = L%J: i=1,2
Multiplier 461 g/leé }\;3 a3
_ <M<
P EM L=91 7 33<M<50
8 50<M<63
. L=3+c
Sqrt FX in(1,F), out(l,F) o out(F) + M)
FP E, M C=M+4
. L =min(36,c)
Reciprocal FX divisor (1, F), out(1,F) c=4+divisor(F)+out(F)
FP E, M L=M+4
FX in(T,F), out(I,F) —
Round P EM L=1
FX in(T,F), out(,F) —
LUT == EM L=2

IV. MODEL VALIDATION

In this section, we compare the area and power estimateg wgin models and those obtained by actual synthesis
followed by placement and routing for a representative seexamples. These examples include implementations that
require BRAMs such as lookup table based function evaloatend implementations that require no BRAMs such as 1D
Discrete Fourier Transform and 1D Discrete Cosine TramsfoMe do not present the timing results for these examples
since all the implementations are all fully pipelined andrthis no mismatch between estimates and synthesis results.

IV-A. Lookup Table based Implementations

We choose two functions that are important in scientific cotafions and are implemented using a combination of lookup
tables and interpolation schemes [21]. The two functioesJgix) which is the Bessel function of the first kind with zero
order, ande™* which is the exponential function. We use FANTOM tool [16]denerate the HDL of these two functions
when implemented in fixed point format. The configuratiorelad (n,X,Y) corresponds to the case wherés the degree
of Taylor polynomial [21],X is the maximum number of total bits andis the maximum number of fraction bits in fixed
point implementations.

Table VII. Resource estimation results fay(d) ande * functions.
Config Slices Total Power (mW)
' Estim. | Synth. Err. Estim. | Synth. Err.

J (3,645 297 307 | 3.26% | 397 369 | 7.80%
J (3,64,10) | 418 441 | 522% | 417 406 | 2.86%
J (3,64,15) | 779 759 | 2.64% | 508 482 | 5.50%
J (3,64,20) | 1258 | 1113 | 12.99% | 629 583 | 7.99%
J (9,64,5) | 1143 | 1135 | 0.70% | 586 590 | 0.66%
J (9,64,10) | 1580 | 1844 | 14.30% | 707 772 | 8.35%
J (9,64,15) | 2057 | 2437 | 14.97% | 845 945 | 10.09%
J (9,64,20) | 4779 | 4315 | 10.57% | 1589 | 1437 | 10.62%
exp(3,645) | 187 194 | 3.61% | 368 339 | 850%
exp(3,64,10)| 291 273 | 6.58% | 391 363 | 7.79%
exp(3,64,15)| 517 465 | 11.18% | 445 424 | 5.00%
exp(3,64,20)| 805 722 | 11.45% | 518 481 | 7.87%

The comparison results are shown in Table VII. For the 12 gorditions shown here, the average error is 8.20% for the
number of slices and 6.98% for the total power. The resultsatk RAM and 18x18-bit Multipliers are not shown because



there is no mismatch between the estimated and syntheszats:

IV-B. Transform Computations

In this section, we choose two algorithms which are widelgdum digital signal processing: the 8-point FFT (FFT8) and
the 8-point DCT (DCT8). The FFT8 is implemented in floatingrppthe notation(E, M) stands forE exponent bits and
M mantissa bits. We also mapped two FFT8 implementations anglesFPGA to check the validity of our models for
situations with extremely large slice utilization (99%helDCT8 is implemented in fixed point; the notati) 16) means
the input/output data are 8 bits and the internal variableslé bits.

Table V111, Resource estimation results for FFT8 and DCTS8.
Config. Slices Total Power (mW)

Estim. | Synth. Err. Estim. [ Synth. Err.

FFT(8,16) 16515 | 16808 | 1.74% | 4835 4922 | 1.75%
FFT(8,18) 18112 | 18377 | 1.44% | 5230 5244 | 0.26%
FFT(8,20) 19462 | 19486 | 0.12% | 5554 | 5572 | 0.33%
FFT(8,23) 21480 | 21622 | 0.65% | 6036 6040 | 0.06%
2 FFT(8,16) | 33030 | 34219 | 3.47% | 7838 7438 | 5.38%
2 FFT(8,18) | 36225 | 37389 | 3.11% | 8535 7971 | 6.98%
2 FFT(8,20) | 38925 | 39680 | 1.89% | 9092 | 8502 | 6.94%
2 FFT(8,23) | 42961 | 44066 | 2.51% | 9924 9353 | 6.01%
DCT(8,16) 431 421 2.38% 896 893 0.36%

Table VIII lists the estimated values, the actual values #redmodeling errors for both the number of slices and the
power consumption of the two transform examples. For the8&Td DCT8 configurations, the average error is 1.92% for
the number of slices and 3.14% for the total power. Note thaterror here is lower than the LUT based implementations
presented in Table VII. This is because the estimate for theher of slices is a lot more accurate when the design is large
and a significant portion of the FPGA slices is utilized. ®iribe estimate of the power consumption is closely related to
the estimate of the number of slices, this translates torby faccurate estimate of the power consumption as well.

V. APPLICATION IN DESIGN SPACE EXPLORATION
V-A. Exploration in Hardware Domain

We demonstrate the effectiveness of the estimation moddéilitating design space exploration of hardware-oriyGA
implementations. We choose two-dimensional (2D) FFT ase¢peesentative example. The 2D FFT implementation is based
on a 2D decomposition algorithm where thex N input data is decomposed into a mesh of gize p, where each element
of the mesh is a block of sizkex k, k= N/p. Butterfly operations are done among the blocks along thes rand along
the columns, followed by local 2D FFT on each block. Detailghee specific decomposition algorithm and the detailed
architecture description can be found in [22].

In such a decomposition, the mesh size plays an importaat Ygé need to decide whether a particular mesh size can
fit in the target FPGA without actual synthesis. Table IX prds the component area and time values that we used for fast
estimation. In this example, the data type is set to be 24ibifsxed point format. The values of the standard 1D FFT IP
core (available on Xilinx FPGA) are from actual synthesisutts, and the values of the Add/Sub and Multiplier are from
the area and timing models described in Section Ill. Bhen Table IX stands for the initial latency of the FFT IP core,
measured from the first input to the first output. For instaficeN = 128, 0128 = 91 cycles. In scenarios where the inputs
are streamed, the initial latency can be ignored.

Table | X. Area and Timing results for IP cores used in 2D FFT.

Component Area Time
N-point FFT | Slices | MULT18 | BRAM | clock cycle
8 1591 12 0 8 + 0g
16 1959 12 0 16 + 015
32 2984 24 0 32 + 063
64 3274 24 4 64 + Ogy
128 4229 36 7 128+ 0128
Add/Sub 12 0 0 1
Multiplier 94 4 0 5




Table X. Area and time estimates for 128128 2D FFT implementations.

Configuration | Result Area Time V2P-100 | V2P-50
Slices | BRAM | MULT18 | (cycles) (Fit?) (Fit?)
Synth. | 18683 128 144 9025
Row-Column | Estim. | 18608 124 144 8374 Yes Yes
Err. -0.40% | -3.13% 0.0% -7.21%
242 mesh Synth. [ 28400 146 288 6350
(4 PEs) Estim. | 29608 136 288 6144 Yes No
Err. 4.25% | -6.85% 0.0% -3.24%
4x4 mesh Synth. n.a. n.a. n.a. n.a. No No
(16 PEs) Estim. | 54720 112 576 3072
454 mesh Synth. | 32472 96 336 6280
8 PEs) Estim. | 30848 94 346 6144 Yes No
( Err. | -5.00% | 2.08% | 4.76% | 2.17%

Using these models, we estimate the area and time for differ28<128 2D FFT implementations. The Row-Column
algorithm based implementation uses 4 128-point FFT IP fmreow- and column-wise operations. For 2D decomposition
implementations, we choosex2 and 4x4 meshes. In 22 mesh, the 128128 input data is divided into four 6464 blocks,
each block is processed by a processing element (PE). 8inftar 4x4 mesh, the 128128 data is divided into 16 blocks,
each of size 3232. These are processed by either 16 PEs or 8 PEs<@#i dase). We consider two target FPGA devices,
Virtex-2Pro-100 (V2P-100) and Virtex-2Pro-50 (V2P-502R+100 device contains 44K slices, 444 BRAMs and MULT18s,
and V2P-50 only contains half of the resources of V2P-10@ 3ynthesized and estimated area/time results, as welkas th
estimation errors, are presented in Table X.

From Table X, we see that the area and timing estimation érorasonably small. For the 3 configurations that can fit
on V2P-100 (row 1, 2, 4), the average error i2B3% for the number of slices,.@R% for the number of BRAMSs, .59%
for the number of MULT18 and .20% for the total computation time. The estimated time isagkvless than the actual
simulation results because the FFT IP core initializingeti@®, in Table IX) and the output shuffling time are not considered
in the estimation. We also see that the Row-Column algoriftow 1) requires lower resources but 30% more computation
time.

Table X also shows that certain implementations cannot fib tile FPGA platforms. For example, the estimates indicate
that a 22 mesh implementation is not viable if the target device iP\BD but is viable for V2P-100. Thex4t mesh
implementation with 16 PEs is not viable even for a V2P-100ae However if the 44 mesh is implemented with 8 PEs,
then it can be mapped to a V2P-100 device.

V-B. Exploration in Hardware-Software Domain

In this section, we show how the hardware estimation modais also be used to generate better hardware-software
(HW-SW) co-design solutions.

In the FANTOM automation flow shown in Figure 1, the code paasel analyzer (CPA) stage now employs an intermediate
code representation, callédop hierarchy tree (LHT) [23], to capture the entire program structure. For everyftiom, each
loop header statement is represented by an internal node ItH3, statements in a loop are placed in leaf nodes, and
loop nesting relationships are captured by edges. Thus, leld¥es contain the actual code fragments, and internalsnode
merely capture the loop iteration counts. The functionsproeessed in a bottom-up order in the call graph. The leaésod
can be processed by hardware or software. Branch and boanchss used to find the optimal solution that satisfies area
requirement with minimum latency. Once a solution is founardware and software modules are generated automatically
through the FANTOM flow.

The quality of partitioning depends on the accuracy of th@medion model. The hardware estimates are very accurate
and obtained using the models described in Section Ill. Tievare estimates are based on best guesses for the differen
types of operations when implemented on the PowerPC embéddkee FPGA. Table Xl lists the latency estimates of each
type of operation in terms of cycles with the assumption thatFPGA has a frequency of 100 MHz and PowerPC CPU has
a frequency of 300 MHz. The area of the FPGA based hardwarstiimated in terms of number of slices andxli8-bit
multiplier (MULT18). The area of the software implementatiis set to zero, since, apart from the PowerPC, it does not
require any additional FPGA resources.

An example of the modeling directed hardware-softwareifpganing is demonstrated in Table XII. The target applioati
is the gravitational N-body interaction problem [24], wihisimulates the evolution of a system Nfinteracting bodies. We
assume that the cache hit rate is 95% and for a hit, the latsn8ycycles. It can be seen that while the pure hardware



Table XI. Resources estimations for hardware-software partitigpni

Operation Software Hardware
Latency | Area | Latency | Slice | MULT18
Add/Sub 1 0 1 352 0
Multiplier 6 0 5 181 4
Divider 19 0 16 1027 0
Memory Access 80 0 1 n.a.

solution (column 2) exceeds the hardware requirements,tlamcpure software solution (column 3) exceeds the timing
requirements, the hardware-software co-design solutidisfies both the hardware and the timing constraints. M@go
the partitioning process is very fast, e.g. for a programsigting of 30— 40 loops, it takes around one minute to find the
best hardware-software solution. Thus, this modelingotie hardware-software partitioning facilitates fastigiesspace
exploration in the FANTOM algorithm-architecture co-dgsiplatform.

Table XII. Comparison among hardware, software, and hardware-a@teo-design solutions for plain tiling.

Metrics Hardware | Software | Hardware-Software] Constraints
Latency(cycles) 2E+06 2E+08 4E+06 1E+09
Slice(numbers) 70702 0 17196 44096
Multiplier(numbers) 1576 0 328 444

VI. CONCLUSION

In this paper we have presented area and power estimatioalsiod IP core based FPGA implementations. These models
were developed to speed up the algorithm-architecturexpteeation for systems that have to meet area/power/acgura
requirements. The models consist of parameterized fumtioat estimate the hardware resource (number of slice$,TiY&)
BRAM) and latency for IP cores, and use of these functionsdroueately estimate system-level area, time and power
consumption. The models have been derived using curvegdfitimd non-linear regression methods. The average error for
fairly large designs (FFT8) is only 1.87% for area estinatand 3.48% for power estimation. Further more, the time
required to generate these estimates is of the order of s@comds, as compared to minutes or even hours for designs
which undergo actual synthesis followed by placement amnting.

The modelling procedure used in the paper can be used for BRFBA families but with caution. If the components are
complex such as DSP-48 in Virtex-4, the accuracy of the nsof®l designs with low utilization is not as high. A more
thorough understanding of when the parts of a complex compioget instantiated is needed for developing high accuracy
models.
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