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Abstract

Data structures such as *BMDs, HDDs, and K*BMDs provide

compact representations for functions which map Boolearove
into integer values, but not floating point values. In thipeawe
propose a new data structure, called Multiplicative Poweybirld
Decision Diagrams (*PHDDSs), to provide a compact represginn
for functions that map Boolean vectors into integer or flogtpoint
values. The size of the graph to representthe IEEE floatiig po-
coding is linear with the word size. The complexity of flogfiint
multiplication grows linearly with the word size. The comyty of
floating point addition grows exponentially with the sizétef expo-
nent part, but linearly with the size of the mantissa part. apyplied
*PHDDs to verify integer multipliers and floating point mipliers
before the rounding stage, based on a hierarchical veriicasp-
proach. For integer multipliers, our results are at leasiés faster
than *BMDs. Previous attempts at verifying floating pointtipliers
required manual intervention. We verified floating point tipliers
before the rounding stage automatically.

1 Introduction

Binary Moment Diagrams (BMDs) [3] have proved successful fo
representing and manipulating functions mapping Boole&tors to
integer values symbolically. They have been used in théization
of arithmetic circuits [4]. Clarkegt al.[7] extended BMDs to a form
they call Hybrid Decision Diagrams (HDDs), where a functinay
be decomposed with respect to each variable in one of six Maays
without edge weights. Drechslet al. [10] extended Multiplicative
BMDs (*BMDs) to a form called K*BMDs, where a function may
be decomposed with respect to each variable in one of thrgs,wa
and with both additive and multiplicative edge weights. Baf
these diagrams can represent functions which map Booleziarse
to floating point values, unless rational numbers are intced into
the representation [2]. But using rational numbers in theasen-
tation requires more space to store the numerator and deatoni
separately, and more computation to extract the rationabaus.

Verification of floating point arithmetic circuits using aofthese
three diagrams requires the circuits to be divided into sd\sib-
circuits for which specifications can be expressed in terhisteger
functions and their operations [4, 6, 8]. The correctnesh@bver-
all circuit must be proved by users from the specificationshef
verified sub-circuits. For instance, the floating point riplier was
divided into the circuits for the mantissa multiplicatidhe exponent
addition, and the rounding in [6]. The verification of thelseee sub-
circuits was performed automatically by word-level SMV,[Blit the
correctness of the entire multiplier must be proved by users the
verified specifications of these three sub-circuits. Toypairtition-
ing floating point arithmetic circuits for verification, & hecessaryto
have decision diagrams that represent and manipulatentppdint
functions efficiently.

TThis research is sponsored by the Defense Advanced Reseeujgtts Agency
(DARPA) under contract number DABT63-96-C-0071.

In this paper, we propose a new representation, called ik
tive Power Hybrid Decision Diagrams (*PHDDs), which impeswon
previous diagrams in representing floating point functicfdHDDs
can represent functions having Boolean variables as angisraed
floating point values as results. This structure is simitathiat of
HDDs [7], except that they are based on powers-of-2 edgehisig
and complement edges for negation. We show that the sizeatifftp
point multiplication grows linearly with the word size. Fiboating
point addition, we show that the complexity grows linearlghathe
mantissa size, but exponentially with the exponent sizes till
practical for formats up to IEEE double precision.

Based on a hierarchical verification methodology [3, 4], \@eeh
applied *PHDDs to verify different sizes and types of integwulti-
pliers. Compared with *BMDs, *PHDDs are consistently sixdis
faster and use less memory. We have also applied *PHDDs to ver
ify different sizes and types of floating point multipliersfore the
rounding stage, which have never before been verified syioayl
and automatically. Our results show that the verificatiofiadting
point multipliers requires minimal effort beyond integeultipliers.
Our next step is to look into the rounding stage and entirdifiga
point adders. Earlier results using HDDs [6] show that thending
stage itself can be handled.

2 BMDs, *BMDs and HDDs

For expressing functions Boolean variables into integénes
BMDsJ[3] use the moment decomposition of a function:

f = l-2)-fz+2f
= fz4+ 2 (fe— 1)

where-,+ and — denote multiplication, addition and subtraction,
respectively. Ternmy. (fz) denotes the positive (negative) cofactor
of f with respect to variable;, i.e., the function resulting when
constant 1 (0) is substituted far. By rearranging the terms, we
obtained the third line of Equation 1. Hergs, = f. — fz IS
called the linear moment of with respect tar. This terminology
arises by viewingf as being a linear function with respect to its
variables, and thugs, is the partial derivative of with respect to
x. The negative cofactofs will be termed the constant moment,
i.e., it denotes the portion of functiofi that remains constant with
respect tar. This decomposition is also called positive Davio in
K*BMDs [10]. Each vertex of a BMD describes a function in term
of its moment decomposition with respect to the variablelialy
the vertex. The two outgoing arcs denote the constant aedrlin
moments of the function with respect to the variable.

Clarke, et al. [7] extended BMDs to a form they call Hybrid
Decision Diagrams (HDDs), where a function may be decongbose
with respectto each variable in one of six decompositioasypn our
experience with HDDs, we found that three of their six decositjon
types are useful in the verification of arithmetic circuit§hese
three decomposition types are Shannon, Positive DavidNagdtive



Davio. Therefore, Equation 1 is generalized to the follaythree
equations according the variable’s decomposition type:

(1—=) - fz+z-fx (Shannon)
;o= { fz+2- fou (Positive Davio)

fo+(1—=) fsz  (Negative Davio)

Here, fsz = f+ — f= is the partial derivative of with respect to

@)

us to represent and manipulate functions mapping Booleetonge

to floating point values. Negation edges can further reduapty
size by as much as a factor of 2. We assume that there is a total
ordering of the variables such that the variables are testedrding

to this ordering along any path from the root to a leaf. Eactatée

is associated with its own decomposition type and all nodeisat
variable use the corresponding decomposition.

7. The BMD representation is a subset of HDDs. In other wore, th3-1  Edge Weights

HDD graph is the same as the BMD graph, if all of the variabkes u

positive Davio decomposition.
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Figure 1: An integer function with Boolean variables, f = 1 +
y + 3z + 3zy, is represented by (a) Truth table, (b) BMDs, (c)
*BMDs, (d) HDDs with Shannon decompositions. The dashed-
edges are 0-branches and the solid-edges are the 1-branthes
variables with Shannon and positive Davio decompositipesyare
drawn in vertices with thin and thick lines, respectively.

As an example, Figure 1 show an integer functfonith Boolean

variablesr andy represented by a truth table, BMDs, *BMDs, and
HDDs with Shannon decompositions (also called MTBDD [9]). |

our drawing, the variables with Shannon and positive Daeiooan-
position types are drawn in vertices with thin and thick $ineespec-
tively. The dashed (solid) line from a vertex with variablg@oints
to the vertex represented functigi, fz, andf. (fz, fs» and fsz)

for Shannon, positive Davio and negative Davio decompmsstire-
spectively. Figure 1.b shows the BMD representation. Tcstraot

*PHDDs use three of HDD's six decompositions as expressed
in Equation 2. Similar to *BMDs, we adapt the concept of edge
weights to *PHDDs. Unlike *BMD edge weights, we restrict our
edge weights to be powers of a constant Thus, Equation 2 is
rewritten as:

{ - ((L-2) fet+a- fo)
c (frt - foz)
¢’ (fot+(1=-2)- foz)

where(w, f} denotes:” x f. In general, the constaatan be any
positive integer. Since the base value of the exponent patieo
IEEE floating point format is 2, we will consider onty= 2 for the
remainder of the paper. Observe thatcan be negative, i.e., we
can represent rational numbers. The power edge weightdecusib
to represent functions mapping Boolean variables to flggtioint
values without using rational numbers in our represematio

(Shannon)
(Positive Davio)
(Negative Davio)

<w7f> =

wl>w0 wo=w1l wil<w0
X

Figure 2:Normalizing the edge weights.
In addition to the HDD reduction rules [7], we apply several

this graph, we apply Equation 1 to functigrrecursively. First, with  edge weight manipulating rules to maintain the canoniaahfof the
respectto variable, we can geffz = 1+ y, represented as the graphresulting graph. LetO andw1 denote the weights at branch 0 and
of the dashed-edge of vertexandfs. = 3+ 3y, represented by the 1 respectively, and, and f1 denotes the functions represented by
solid branch of vertex.. Observe thaf;, can be expressed by>3  branch 0 and 1. To normalize the edge weights, we chose tacéxtr
f=. By extracting the factor 3 fronfis., the graph became Figure 1.c. the minimum of the edge weight0 andw1. This is a much simpler
This graph is called a Multiplicative BMD (*BMD) which exteéss  computation than the GCD of integer *BMDs or the reciprochl o
the greatest common divisor (GCD) from both branches. Tlhye edrational *BMDs [2]. Figure 2 illustrates the manipulatiof @dge
weights combine multiplicatively. The HDD with Shannondet  weights to maintain a canonical form. The first step is toastithe
positions can be constructed from the truth table. The dblstech  minimum of w0 andw1. Then, the new edge weights are adjusted
of vertexx is constructed from the first two entries of the table, andy subtracting the minimum fromv0 andw1 respectively. A node
the solid branch of vertex is constructed from the last two entries is created with the index of the variable, the new edge weijgirtd
of the table. pointers tofp andf,. Base on the relation @0 andw1, the resulting
Observe that if variables andy are viewed as bits forming 2-bit graphis one of three graphsin Figure 2. Note that at leashameh
binary numberX =y+2z, then the functiorf canbe rewritten af =  has zero weight. In addition, the manipulation rule of thgesdieight
2(v+22) — 2% Observe that HDDs with Shannon decompositionss the same for all of the three decomposition types. In otfwds,
and BMDs grow exponentially for this type of functions. *BMBan the representation is normalized if and only if the follogvimolds:
representthem efficiently, due to the edge weights. How&B&tDs e The leaf nodes can only have odd integers or 0.
and HDDs cannot represent the functiong'as 2%X=8 \whereB is
a constant, because they can only represent integer fasctio

3 The *PHDD Data Structure

In this section, we introduce a new data structure, Muttitiive
Power Hybrid Decision Diagrams (*PHDDSs), to represent figrs
that map Boolean vectors to integer or floating point valu€kis
structure is similar to that of HDDs, except that they use goof-2
edge weights and negation edges. The power-of-2 edge weitihw

e At most one branch has non-zero weight.

e The edge weights are greater than or equal to 0, except the top
one.

3.2 Negation Edge
Negation edges are commonly usedin BDDs [1] and KFDDs [11],

but not in *BMDs, HDDs and K*BMDs. Since our edge weights ex-
tract powers-of-2 which are always positive, negation sdge added



to *PHDDs to increase sharing among the diagrams. In *PHEHgs, these two moments, effectively scaling the numbertly Note that
negation edge of functiolfi represents the negation $f Note that it is more logical to use Shannon decomposition for the sign b
— f is different from for Boolean functions. Figure 3 also illustrates the *PHDD representations of sdve
Negation edges allow greater sharing and make negation-a carommon arithmetic operations on integer data. Observéttbaizes
stant computation. In *PHDD data structure, we use the ladeor of the graphs grow only linearly with the word size Integer ad-
bit of the pointers to denote negation, as is done with thegdement  dition can be viewed as summing a set of weighted bits, whigse b
edge of BDDs. To maintain a canonical form, we must constt@n z; andy; both have weight 2represented by edge weightinteger
use of negation edges. Unlike KFDDs [11], where Shannonmeco multiplication can be viewed as summing a set of partial potslof
positions use a different method from positive and negdlisgio the formz;2'Y. In summary, while representing the integer func-
decompositions, *PHDDs use the same method for manipgl#tie tions, *PHDDs with positive Davio decompositions usualiyl et
negation edge for all three decomposition types. *PHDDstrioks the most compact representation among these three decibiompas
low these rules: the zero edge of every node must be a regidar e 4.2 Representation of Floating Point Numbers
the negation of leaf O is still leaf 0, and leaves must be ngatiee. Let ider th tai f floati int b
These guarantee the canonical form for *PHDDs. et us consider the representation of floating point NUMbETs
IEEE standard 754. For example, the double-precision nusrdre
: : : stored in 64 bits: 1 bit for the sigr5¢), 11 bits for the exponent
4 Representation O_f Numeric Funct|0n§ . (FX), and 52 bits for the mantiss&(. The exponentis a signed
*PHDDs can effectively represent numeric functions thabmanymper represented with a bia8)(1023. The mantissa represents

Boolean vectors into integer_or floating p_oint va_Iues. We BOW 5 humber less than 1. Based on the value of the exponent, Bie |E
that *PHDDs can represent integer functions with comparaldes floating point format can be divided into four cases:

to *BMDs. Then, we show the *PHDD representation for floating (—1)% x 1L.X x 2°X=F  [f0< EX < All 1 (normal)
paint numbers. (—1)% x 0.X x 2""F  [f EX =0 (denormal)
4.1 Representation of Integers NaN IfFEX=Al1& X #0

(=1)"* x oo TfFEX=A11& X =0
Currently, *PHDDs cannot handle infinity and NaN (not a numbe
cases in the floating point representation. Instead, assusyeare
normal numbers.

0
[© o 3
LAl [l
(e
Bn Bn

Two's Complement Sign-Magnitude

Figure 3:*PHDD Representations of Integers and Integer opera-
tions. Each variable uses positive Davio decomposition. The graph (@ 2% with DavioPositive  (b) 2™ with Shannon () 2 with Shannon

grow linearly with word size. Figure 4:*PHDD Representations o2”% and 27¥~2. The graph

*PHDDs, similar to *BMDs, can provide a concise represéatat  grows linearly in the word size with Shannon, but grows expuially
of functions which map Boolean vectors to integer valuest #.e With positive Davio.

represent a vector of Boolean variables;_1, ..., z1, zo. These . N . X—B
variables can be considered to represent an int&geccording to . Flgure 4 shows PH.D.D representations f@r’?_and ZE _us
ing different decompositions. To represent functéi (in this case

some encoding, e.g., unsigned binary or two’s complemeiguré& !
3 illustrates thg *PaDD re?)resentati:)yns of several cF:)ommtEIlruDd- ¢ = 2), *PHDDs express the function as a product of factors of the

ings for integers. In our drawing of *PHDDs, we indicate thige ~formc® “** = (¢* )**. In the graph with Shannon decompositions,
weight and leaf node in square boxes with thick and thin limes & vertex labeled by variabler; has outgoing edges with weights 0
spectively. Edge weight represents 2and Unlabeled edges have andc?' both leading to a common vertex denoting the product of the
weight 0 (2). An unsigned number is encoded as a sum of weightedmaining factors. But in the graph with positive Davio deposi-
bits. The *PHDD representation has a simple linear strecirere  tions, there is no sharing exceptfor the vertices on the jageabove
the leaf values are formed by the corresponding edge weighleaf  the leaf nodes. Observe that the size of *PHDDs with posibiagio

1 or 0. For representing signed numbers, we asstyng is the  decomposition grows exponentially in the word size whikegize of
sign bit. The two’s complement encoding has a *PHDD represeriPHDDs with Shannon grows linearly. Interestingly, *BMDave
tation similar to that of unsigned integers, but with bjt_; having a linear growth for this type of function, while *PHDDs wittopi-
weight—2"~! represented by the edge weight 1 and the negation tive Davio decompositions grow exponentially. To repre$eating
edge. Sign-magnitude integers also have *PHDD represensadf  point functions symbolically, it is necessary to represént — = ef-
linear complexity, but with the constant moment with regpec,,—1 ficiently, whereB is a constant. *PHDD can represent this type of
scaling the remaining unsigned number by 1, and the lineamemd  functions, but *BMDs, HDDs and K*BMDs cannot represent them
scaling the number by 2 represented by edge weight 1 and the negawithout using rational numbers.

tion edge. In evaluating the function fer,_; = 1, we would add Figure 5 shows the *PHDD representations for the floatingipoi



denormal

@sign: (1> (0) 27 with Shannon

B

(c) Mantissa: 0.X (d) Mantissa: 1.X

(e) Floating Point Encoding

Figure 5:Representations of floating point encodings.
encoding, wheré X has 3 bits X has 4 bits and the bidgis 3. The

*Fy

signsS, andek variables use Shannondecomposition, while variables  Figure 6: Representation of floating point multiplication.

Z use positive Davio. Figure 5.a shows the *PHDD represeantébir
the sign bit(—1) Sz \Whens, is 0, the value is 1; otherwise, the value
is —1 represented by the negation edge and leaf node 1. Figure
shows the *PHDD representation for the exponent p&ft 2. The
graph is more complicated than Figure 4.c, because, in thérftp
point encoding, whe’ X = 0, the value of the exponentis1B,

! . t.
instead of— B. Observe that each exponent variable, except the t(ﬁ)arl_et Fy =

operations before rounding. In other words, the resultiRgiBDs
resent the precise results of the floating point operatioFor

%%;ting point multiplication, the size of the resulting gragrows

linearly with the word size. For floating point addition, thize of
the resulting graph grows exponentially with the size ofdkponent

(=1)%® x v,. X x 2B¥=F and Fy = (=1)"v x

variableez, has two nodes: one to represent the denormal numbg;X x 2EY=F \wherev, (v,)is 0 if EX (EY) = 0, otherwise,

case and another to represent normal number case. Figuekdws
the representation for the mantissa pak Gobtained by dividing

X by 273, Again, the division by powers of 2 is just adding the
edge weight on top of the original graph. Figure 5.d shows th

representation for the mantissa park1which is the sum of 0
and 1. The weight (2°) of the least significant bit is extracted to the
top and the leading bit 1 is represented by the path with aihkies
setto 0. Finally, Figure 5.e shows the *PHDD representdtiothe
complete floating point encoding. Observe that negatioegdguce
the graph size by half. The outlined region in the figure desittie
representation fordenormal numbers. The rest of the gegplsents
normal numbers. Assume the exponentists and the mantissais
bits. Note that the edge weights are encoded into the nadsste in
our implementation, but the top edge weight requires araextde.

It can be shown that the total number of *PHDD nodes for theifiga
point encoding is @» + m) + 3. Therefore, the size of the graph
grows linearly with word size. In our experience, it is bestuse
Shannon decompositions for the sign and exponent bits, asitiye
Davio decompositions for the mantissa bits.

4.3 Floating Point Multiplication and Addition

This section presents floating point multiplication and itidd
based on *PHDDs.

ve (vy)is 1. EX andEY aren bits, andX andY” arem bits. Let
the variable ordering be the sign variables, followed byekgonent
variables and then the mantissa variables. Based on thesafi X
8ndEY, Fx x Fy can be written ast—1)%+®5v x 2725 »

21 x 21 % (0.X x 0.Y) Case 0: EX =0FY =0

2% 2FY x (0.X x 1Y) Casel:EX =0FY #0

2EX 5 2 x (LX x 0.Y) Case2:EX #0EY =0

2EX 5 2FY « (LX x 1Y) Case3:EX #0FY #0
Figure 6 illustrates the *PHDD representation for floatiogy mul-
tiplication. Observe that two negation edges reduce thghgsie to
one half of the original size. Whei.X = 0, the subgraph represents
the function 0X x v,.Y x 27¥. WhenEX # 0, the subgraph rep-
resents the function X x v,.Y x 2Z¥. The size of exponentnodes
grows linearly with the word size of the exponent part. Thedo
part of the resulting graph shows four mantissa producis(feft to
right): X x Y, X x (224 V), (224 X) x Y, (2 + X)) x (224 V).
The first and third mantissa products share the common sutiidun
Y shown by the solid rectangles in Figure 6. The second andhfour
products share the common sub-functidr-2" shown by the dashed
rectangles in Figure 6. In [5], we have proved that the sizthef
resulting graph of floating point multiplication i§®-+ m) 4+ 3 with

Here, we show the representations of thetee variable ordering given in Figure 6, wherandm are the number
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Figure 7: Representation of floating point addition. For simplicity, the graph only shows sign bits, exponens lasihd the possible

combinations of mantissa sums.

of bits in the exponent and mantissa parts.

For floating point addition, the size of the resulting grapbves
exponentially with the size of the exponent part. In [5], ward
proved that the number of distinct mantissa sumg&'ef + Fy is

2"*3_10, wheren is the number of bits in the exponent part. Figure 7

illustrates the *PHDD representation of floating point digai with
two exponent bits for each floating point operand. Obseraettie
negation edge reduces the graph size by half. Accordingetsitin
bits of two words, the graphs can be divided into two sub-gsap
true addition and true subtraction which represent thetmedand
subtraction of two words, respectively. There is no shaaimgng the
sub-graphs for true addition and true subtraction. In tursction,
1.X — 1Y has the same representation a& 3- 0.Y. Therefore,
all1. X — 1Y entries are replaced by® — 0.Y. Since the number
of distinct mantissa sums grows exponentially with the nenddf
exponent bits, it can be shown that the total number of noorgg
exponentially with the size of exponent bits and grows lifyeaith
the size of the mantissa part. Readers can refer to [5] fotailele
discussion of floating point addition. Floating point saletion can
be performed by the negation and addition operations. Torexeit
has the same complexity as addition.

In our experience, the sizes of the resulting graphs foripligia-
tion and addition are hardly sensitive to the variables iindeof the
exponent variables. They exhibit a linear growth for muittgtion
and exponential growth for addition for almost all possitmdering
of the exponent variables. It is more logical to put the \alga with
Shannon decompositions on the top of the variables with thero
decompositions.

5 Experimental Results

Circuits CPU Time (Sec.) Memory(MB)
16 64 256 16 64 256
Add-Step | *BMD 140 15.38 35438 0.67 0.77 1.12
*PHDD | 0.20 2.24 39.96/ 0.11 0.18 0.64
Ratio 7.0 6.8 8.9 6.0 4.3 1.8
CSA *BMD 161 2691 591.70 0.67 0.80 2.09
*PHDD | 0.25 3.45 50.72| 0.14 0.30 0.88
Ratio 6.4 7.8 11.7| 4.8 2.7 24
Booth *BMD 205 34.09 78220 0.70 0.86 1.84
*PHDD | 0.21 2.97 62.56| 0.14 0.30 1.26
Ratio 9.7 115 125 5.0 2.9 15
Bit-Pair *BMD 121 1735 378.64 0.70 0.86 2.34
*PHDD | 0.20 2.17 36.10 0.15 0.33 1.33
Ratio 6.0 8.0 105| 4.7 2.6 1.8

Table 1: Performance comparison between *BMD and *PHDD
for different integer multipliers. Results are shown for three dif-
ferent words. The ratio is obtained by dividing the resultBMD
by that of *PHDD.

For the CPU time, the complexity of *PHDDs for the multipBestill
grows quadratically with the word size. Compared with *BMDs
*PHDDs are at least 6 times faster, since the edge weightpumi
tion of *PHDDs only requires integer addition and subtragtibut
*BMDs require a multiple precision representation for gees and
perform costly multiple precision multiplication, divisi, and GCD
operations. While increasing the word size, the *PHDD’seshg
is increasing, because *BMDs requires more time to perfonmr m
tiple precision multiplication and division operationsitdrestingly,
*PHDDs also use less memory than *BMDs, since the edge weight
in *BMDs are explicitly represented by extra nodes, while4TBDs

We have implemented *PHDD with basic BDD functions angembed edge weights into the node structure. The node sizbsto

applied it to verify arithmetic circuits. Integer multipli circuits

packages are 20 bytes.

and *BMD package can be obtained from Yirng-An Chen's WWW5.2  Floating Point Multipliers

pagé. The circuit structure for four different types of multipts

are manually encoded in a C program which calls the BDD ang)
*BMD operations. We also integrated our *PHDD package whith t di

C program. Our measurements are obtained on Sun Sparc 10
256 MB memory.

5.1 Integer Multipliers

To perform floating point multiplication operations befdtes
unding stage, we introduced an adder to perform the expauke
tion and logic to perform the sign operation in the C progra
ble 2 shows CPU times and memory requirements for vegfyin
floating point multipliers with fixed exponent size 11. Ob&ethat
the complexity of verifying the floating point multiplier foe round-

Table 1 shows the performance comparison between *BMD arigg still grows quadratically. In addition, the computatiime is very

*PHDD for different integer multipliers with different wdrsizes.

Thttp:/iwww.cs.cmu.edaéyachen/home.html.

close to the time of verifying integer multipliers, since werification
time of an 11-bit adder and the composition and verificaiioies of
a floating point multiplier from integer mantissa multiplend expo-



Circuits CPU Time (Sec.) Memory(MB)

16 64 256 | 16 64 256

Add-Step| 0.24 229 39.77{ 0.13 0.18 0.65
CSA 0.29 3.08 5398 0.14 030 0.88
Booth 0.25 385 67.38 0.16 030 1.26
Bit-Pair | 0.21 2.10 38.54| 0.15 0.33 1.33

Table 2:Performance for different floating point multipliers. Re-

sults are shown for three different mantissa word size witbdfi
exponent size 11.

nent adder are negligible. The memory requirement is atsitesito

that of the integer multiplier.

5.3 Floating Point Addition

Exponent No. of Nodes CPU Time (Sec.)| Memory(MB)
Bits 23 52 23 52 23 52
4 4961 10877 0.2 0.7 0.4 0.7
5 10449 22861 0.7 13 0.7 11
6 21441 46845 11 35 11 2.0
7 43441 94829 2.7 6.9 1.9 3.8
8 87457 190813 7.2 16.8 3.6 75
9 175505 382797 15.0 41.3 7.2 14.8
10 351617 766781 33.4 103.2| 14.3 29.5
11 703857 1534765| 72.8 2624 | 265 549
12 1408353 3070749 163.2 573.7| 54.1 1109
13 2817361 6142733 398.3  1303.8| 1125 226.0

Table 3: Performance for floating point additions. Results are
shown for three different exponentword size with fixed mes#tisize
23 and 52 bits.

previous sections, we will further pursue handling infirdted NaN
cases. We need to develop some techniques or introduceakpeci
symbols to handle these cases.
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