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Abstract

For an ordinaryndividually addressablenicrolaser array, a separate control line is used for each
microlaser, which requires a large number of control lines for even a small array. An organization
that reduces the width of the control stream and simplifies packagmgtisx addressingin

which microlasers are arranged at the crossings of horizontal and vertical control lines.

We consider the problem of decomposing arbitrary two-dimensional (2D) microlaser patterns into
matrix addressable patterns that are applied time sequentially to realize the target pattern. We present
a mathematical model for the decomposition process, and present an algorithm for optimal decom-
position. We also considéake factoyin which no more thaN microlasers in a neighborhood of

M (whereN < M) are enabled, which avoids thermal overload by limiting the density of enabled
microlasers. We conclude with a case study and show that for completely arbitrary 2D patterns, that
the average number of time sequential patterns is less than the number of rows in a square array.

1. Introduction

Two-dimensional (2D) arrays of microlasers are manufactured in two primary configurations: indi-
vidually addressable [1], and matrix addressable [2], as illustrated in Figure 1. Each microlaser in
the individually addressable array has a ground (n) terminal and a positive (p) terminal. All of the
microlasers share the same ground, but a separate p contact is provided for each microk&er. An 8
array thus requires 64 p contacts, as indicated by the numbered bonding pads at the edges of the
array. For small arrays individual addressing works well, but the complexity becomes unmanage-
able as the arrays scale to large sizes, and so an alternative configuration is needed that scales more
gracefully.

For the matrix addressable array, each row of microlasers shares the same ground. For the 8 rows
shown in Figure 1b, there are 8 independent n lines that are each connected to a distinct bonding
pad. The p lines are connected to the columns in a similar manner, and so there are 8 independent p
lines, which connect the p contacts of the 8 microlasers in a column. In order to enable a microlaser
at location {; j), in whichi identifies a row anglidentifies a column, the correspondingw andj

column bonding pads must be enabled. The n ground is applied to the row pad and the p potential is
applied to the column pad. If a potential is applied to more than one pad, then the corresponding
collection of microlasers is enabled. In Figure 1b, a potential is applied across rows 2, 3, and 5 and
columns 3, 4, and 7, which enables the nine microlasers at the corresponding crosspoints. Notice



that only six bonding pads are used, as opposed to the nine bonding pads for the same individually
addressable configuration shown in Figure la.

An advantage of the matrix addressable configuration is that filf artrease in the size of an

array, the bonding pad complexity increases by oNyvhich allows for a simplified electronic
interface. A disadvantage is that the user loses a degree of freedom in selecting combinations of
microlasers to enable or disable. For example, in Figure 1b, there is no combination of bonding
pads that can be powered so that a checkerboard pattern is formed on the array. Despite the limited
number of possible on/off combinations for a matrix addressable array, the complexity of the elec-
tronic addressing is simplified, which is an important practical consideration.

Here, we describe an algorithm for decomposing arbitrary patterns for a 2D microlaser array into a
set of matrix addressable subpatterns, that when applied in succession achieve the desired target
pattern. For discussion purposes, we assume there is a flip-flop that maintains the state of each
microlaser (allowing time sequential pattern buildup) that can be set, reset, or toggled. The flip-flop
is not needed if the pattern buildup is recorded by another means (such as with film, or a detector
array). We begin by describing a mathematical model for the problem. We then develop an algo-
rithm for the optimal decomposition of arbitrary patterns into matrix addressable subpatterns. We
relate the decomposition method to the outer product of matrix multiplication and to singular value
decomposition. We conclude with a case study of decomposition applied to randomly generated
patterns for anx8 array, and show that the expected number of matrix addressable subpatterns that
compose an arbitrary pattern is approximately 5.6 forx@na8ray.

2. Background
The decomposition method is basedaorary matricesandsymmetric patternss defined below:

Binary Matrix: B, A= (bi’j) IS a matrix in which each eIemebp’JtiS either 1 or 0. A binary matrix is
also called a 0-1 matrix. A one-dimensional (1D) case of a binary matrbinsuwy vector

Symmetric Patterns:P__ = (pi’j) IS a binary matrix with the following constraint [3], for all pairs
of (i,)) and k,):



Y(i.j).(k,) j k,j

pj=1 p=1
and < and

P =1 Pj=1 il k|

V =*“For all”
< = “Implies in both directions”

Thatis, for all (;j) and k,l) pairs that form diagonal corners of a rectangle, there is anotharlpair (

and K,)) that is also part of the pattern. Notice that a symmetric pattern may have intervening points
between the corners that are not part of the pattern, that it may have zero extent in any dimension,
and that it may have any number of points as long as the above relationships are satisfied.

Examples of symmetric patterns are shown in Figure 2a. Any matrix with a single 1 cell, or a single
column of 1's, or a single row of 1's is a symmetric pattern. For comparison, Figure 2b shows a
binary matrix that is not a symmetric pattern. Notice that all non-zero rows of a symmetric pattern
are the same, as are all non-zero columns.

2.1. Symmetric Patterns Compose Arbitrary Patterns

The key relationship between symmetric patterns and the decomposition of 2D microlaser patterns
is that any pattern that can be applied to a 2D array of matrix addressable microlasers in a single
step is a symmetric pattern. Conversely, every symmetric pattern can be applied to a 2D array of
matrix addressable microlasers in a single step. Our objective is to decompose an arbitrary pattern
into the minimal number of symmetric patterns that when applied in succession enable the target
pattern. As an example, consider tl&& Batrix shown in Figure 3, in which 16 of the 25 microlasers

are enabled, forming a non-symmetric pattern. The original pattern can be decomposed into three
symmetric patterns as shown.

An arbitrary pattern can be expressed as a sum of symmetric patterns. A decomposition always
exists; observe that a pattern with a single non-zero point is a symmetric pattern, by definition.
Therefore, any pattern can be expressed as a sum of symmetric patterns each having only one non-



zero point. This is illustrated in Figure 4, for one example. Note also that a decomposition need not
be unique. In Figure 5, a binary matrix is decomposed in two different ways.

The principal algebra used for the decomposition process in the sections that follow is Boolean
AND-OR. That is, for two Boolean variablesandb, the relationships shown in Figure 6 must
hold. The AND operation produces a 1 wizgeandb are both 1, and produces a 0 otherwise. The

OR operation (also referred to as thgical sunm produces a 0 whea andb are both 0, and
produces a 1 otherwise. This algebra is applied over binary matrices and binary vectors, in a com-
ponent-wise sense.

2.2. Equivalence Between Symmetric Patterns and the Outer Product

The above definition of a symmetric pattern is exact, but it does not expose the inherent structure of
a pattern. We now define symmetric patterns in an equivalent manner that makes a more direct
connection to matrix addressing.

Theouter producis a matrix product of two vectors. Llé}xn =(r) and(flxn = (cj) be two binary

(row) vectors. The outer produ®}, . of these two vectors R x C, whereRT is the transpose of a

row vector into a column vector. The notation for the outer produ@+sfR,J (= R" x C).

As an example, consider the outer produd® ahdC shown below:

(R=(1 10 0)

\C=(01 0 1)/
1 0101
Q=[RC]=R" xC= % x(010 1)= 8%8(1)
0 0000

Notice that all of the non-zero rows (and non-zero columng) afe the same. Furthermore, the
number of non-zero rows (or columns) is directly related to the non-zero entéerdT).

Every outer produciy) of two binary vectors is a symmetric patteP) &nd every non-zero sym-
metric pattern®) can be expressed uniquely as an outer product of two binary vectors. In essence,
the row vectorR) and the column vecto€] identify the bonding pads that need to be activated to



enable a symmetric pattern onto a matrix addressable array. As an example of this relationship,
consider the following:

010111
010111
000000|_ /R=(110010)
000000[\|C=(010111)
010111
000000
001 - [R=@10)
000 \C=00 1)

2.3. Properties of Symmetric Patterns

The outer product formulation exposes properties of symmetric patterns that are important for the
decomposition process, as described below.

2.3.1. Equivalence of Two Symmetric Patterns
LetP, =[R,, C;] andP, = [R,, C ] be two non-zero symmetric patterns. Then:
P,=P,<R =R,andC, =C,

Therefore, it follows that an ordered pair of two binary vect®r€) is equivalent to a patteh(P
=Q=[R C]=R"x C), andvice-versa

2.3.2. Number of Enabled Cells in a Symmetric Pattern

The number of 1's in the pattebhis the same as the product of the number of 1R amd the
number of 1's irC, whereP = [R, C].

2.3.3. Permutations on Symmetric Patterns
By permuting the rows and columnskfve can always convert it to the form:

53)
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That is, for any given pattef? there exist two permutation matriddsand® such that:

_({1's O
HxPxCI)—( 0 Oj

2.3.4. Number of Symmetric Patterns

The total number of distinct symmetric patterns" (2 2) + 2, whera is the number of row (or
column) elements in a square matrix. This is given by the following expression:

-1 x (2-1) + 1

VA BN

Number of non- Number of non- The zero
zeroR vectors zeroC vectors symmetric pattern

Contrast this with the total number of distinct binary matrices, whichz!is 2
The total number of distinct symmetric patterns, discounting the transposed patterns is given by:
@-1)x(2"-2)+1

Define the size of a symmetric pattern as the number of 1’s it contains. The number of symmetric
patterns of a given sizais given by the following expression:

Ep,qsn\(g)x(g)
pxg=m [

[vipa

Again,nis the extent of a row or column in a square matrix peanetlq are the number of 1's in the
row and column vectors, respectively.

2.4. Merging of Symmetric Patterns

Symmetric patternB, andP, are said to beergeablef and only if their logical sum P (equalfQ
+P,) is also a symmetric pattern. Two symmetric patt&n@qual toR," x C,) andP, (equal to



R," x C,) are mergeabld.é. P, + P, is also a symmetric pattern) if and onlyRif= R, or C, = C,.
Furthermore, the structure of the resultant symmetric pe@téequal toP, + P, = R" x C) is the
following [3]:

C].:CZ:/ C:C1 \

_ [ R=R
RR=R = |R=R + Ry

\C = Cl + C2/
3. Decomposition Algorithm for Uniform Cost Model

In the first of two decomposition methods, we assume that all symmetric patterns are equally desir-
able. That is, the cost/penalty associated with each symmetric pattern is the same. This differs from
the second approach (described in Section 4) in which localized thermal loads are reduced.

3.1. The Algorithm
The problem of finding the most desirable decomposition is essentially an optimization problem.

Given a binary matriB (that is, a pattern), we want to decompBsato a sum of the minimum
number of symmetric patternBs). The objective function is:

minw
PIS

The constraint is:

M=
-0
1
o8]

We define the matrix inclusion relation.) as follows: A Boolean matri&is said to be included in
Bif and only ifA+ B =B. That is,

ACB<B=A+B
The decomposition algorithm has two phases. Given the binary rBatrix
Phase 1. Find all symmetric patterRsg) included inB. Let this set bé.

Phase 2. Computé . |, such thaC coversB (that is,2,_.P = B).



Notice thatl can be a very large set. Therefore we re-ddfseethat none of its members can be
contained in other memberslof

PEl=PLB
« For every non-triviali( j, k) triplet, there is no symmetric pattePpthat also contains two
other symmetric patterr ande. That is, each symmetric pattern subsumes all symmetric
patterns that it contains:

P., Pj, P.EI=P + Pj =P,

PLB=3Q& I suchthaP . Q.

Let each element dfbe called grime implicant(symmetric pattern) andbe the set of prime
implicants. Notice that:

* | is not unique.

* | coversB, thatis,=,_,P = B.
» A minimal coverC for B need not be unique.

* Phase 1 of the algorithm (finding the set of prime implicants) is closely related to the
Quine-McCluskey method of finding prime implicant terms for Boolean expressions [4].

This is covered in Section 3.2.

5. Phase 2 of the algorithm is a case ofd#iecovering problemwhich is covered in
Section 3.3.

3.2. Generating the Prime Implicants

In order to generate the set of prime implicantsBave need to first generate the setbake
patterns H LetH be the set of symmetric patterns Byrwith the following properties:

1.heH=h.B (A member of symmetric pattern $¢is contained in binary matrik.)



2.P.B=3KL_H suchthak,  h=P. (If patternP, which may or may not be symmetric,
is contained in binary matri®, then there exists a subset of symmetric patti€rat is
contained irH that composeB.)

3.h,h,EH =h, +h,&&H (For any two symmetric patternsh there is no pattern id
that contains both.)

Notice that:
1. The base set for any binary matrix is unique.

2. By definition,H coversB (that is,X, _ h =B).

heH
The base sdi for B is the set of all single 1 (symmetric) patterns includdgl ikn example is:

101 100 001 000 000
000|=|000|+{000|+{000|+|000
101 000 000 100 001

The following procedure generates an optimal decomposition. It closely resembles the classical
Quine-McCluskey method [4]. The central idea is to use the merging-rule on symmetric patterns in
a way that produces the smallest number of symmetric patterns that reconstructs the original binary
matrix.

DecompositiorAlgorithm for Uniform Cost Model

1. INPUT: The binary matrixB.

2. PREPROCESSING STERZompute the base gdtfor B.

3. LetW=H. Mark each element & uncovered

4. While there exists two mergeable patté¢tns, in W,such thaP, € P, andP, T P :

LetP=P +P,.

10



* Mark P, andP, covered
e LetW=WU P.
» Mark P uncovered
End
Let | be the set of all uncovered patternd\bfThis is the set of prime implicants Br

Having computed the set of prime implicahtee compute the minimal cardinality €2t | which
coversB, or equivalently which covers the baseldetf hat is, the smallest number of symmetric
patterns that compos8s

LACTRLEEL

3.3. The Set Covering Problem

Ref. [5] describes the non-weighted case of the set covering problem in the hypergraph setting and
presents greedy heuristics. We cast the set covering problem in the form of a 2D matrix (different
from the microlaser matrix) in which tmerows in the matrix correspond to elements in the base
setH, and then columns correspond to elements in the prime implicant $&e problem is to find

the sefA that contains the fewest columns that intersect each row at least once, taking the weights
w, for each member of the base set into account. The weights are all equal to 1 for the uniform cost
model.

In the standard form of any linear programming (LP) problem, the variables are assumed to be non-
negative real numbers. In integer linear programming (ILP), the variables are assumed to be non-
negative integers. The standard ILP formulation for weighted set-covering [6] is:

Given the weight (cost) vectdv e R™, A€ {0, 1} ™*",

min (WX AX=e)
X€E(0,1)

11



wheree = {1} ™ (a vector of all 1's). This is simply a formal way of stating that a solution contains
the fewest prime implicants and minimizes the overall cost. For the uniform cost model, this re-
duces to the fewest prime implicants that cover the base set.

In the above setting, = 1 means th&" prime implicant is in the covering 6t anda” =1 means
thej™ prime implicant covers thi& element of the base set.

We describe a method for computing the minimal cover even when the costs are not uniform (in
which case it is the minimal cost set cover problem). A brief sketch of the strategy is as follows [7]:

1. First relax the ILP to LP. (Relax the integrality constraint.)
2. Add slack variables tA. (Change the inequalities to equalities.)
3. Find a primal covex*. This is the subsét of the set of prime implicantssuch that:

* K coversB

* No proper subset &f coversB
(The greedy strategy can be adapted here to generate primal covers.)
4. Construct the corresponding bgsi® LP. (Every primal cover corresponds to a basis).
5. Invertg to getf'. (This step is highly optimized. Due to the special structuleanid the
property of the primal covefi could be obtained merely by permuting the rows and the
columns ofA [7, 8]).
6. Compute the dual solution.

7. Check the dual feasibility:

« If the solution is dual feasible, then STOP since the present solution is an optimal
solution.

* Otherwise,

12



(a) Compute the set of indices Q that violate the dual feasibility conditions.
(b) To the present LP add a constraint of the fﬁré’exi = 1.
(c) Go to the step of computing the primal cover.
Note the following:
* All intermediate solutions are integral.
» The actual computation is in proving the optimality, so heuristics may be appropriate.
» The inversion of the basis matyxs almost a trivial task [8].
4. Decomposition Algorithm for Non-Uniform Cost Model
In a system, not all symmetric patterns may be equally desirable due to thermal loads or other
practical considerations. A symmetric pattern that has dense non-zero clusters gives rise to local hot
spots that may need to be reduced to meet system constraints. Here, we present a model that incor-

porates thermal “bake factor” penalties associated with symmetric patterns.

LetP (= (pi’j)) be a symmetric pattern, whengP) is the bake factor penalty associated vAth
There is more than one way to measure bake factor. We define two classes of measures:

Measure 1t-Moment Weight Distribution over Square Templates (of kjze

wW(P) = X

nek+1 nk+1 (x+k y+k )t
x=1 y=1 R J

i=xj=y

That is, within a neighborhood of sikek on annxn microlaser array, add up all of the 1 elements
within the neighborhood, raise that sum totthewer, and add it into the total sumi(P). Variable
t determines the degree of variance from the desired value. For example:

13



1010 1100
3 1010] = 3 (1100]| =
“# 10000| =30 W |1100|"1°3
1010 0000
Measure 2. Threshold) on Square Templates (of sike
ntk+1n+tk+1 / x+kYy+k \\
wP)= 2 X mln\l, max 0,> > pjiT”
' x=1 y=1 i=xj=y "

That is,w, ((P) is 0 if the threshold is not exceeded within any neighborhood, and is greater than
0 by the sum of the amounts that neighborhoods extdear example:

RPORR
ococoo
RPORR
oooo
OoORrRPE
oORrREkE
cooo
oooo

Since the set covering method described in the previous section is general enough to take the
weights into account, only the first part of the decomposition algorithm needs to be modified for
the non-uniform (weighted) cost model:

1. Consider all symmetric patterns included®in

2. Choose some measure of penalty, suck ‘@B) orw, (P), and compute the weight of
each pattern.

3. Continue the decomposition process as before, by setting up a (larger) set covering prob-
lem and solve it by the method sketched in the earlier sections.

5. Exclusive-OR Algebra: Toggling the Patterns
In the previous sections, we assumed that an AND-OR algebra is used. That is, a symmetric pattern

is enabled as a collection (a logical OR) of microlasers that are enabled if and only if their corre-
sponding row AND column bonding pads are activated.

14



Here, we look into a different exclusive-OR (XOR) algebra in which the state of a microlaser is
toggled (changed from enabled to disabledvioe versaif its corresponding row and column
bonding pads are activated. Physically, a flip-flop or some other device should be attached to each
microlaser so that its state can be retained and the XOR can be determined locally. Except for this
assumption, the underlying physical model is the same as for the previous sections.

A summary of the XOR algebra is given in Figure 7. Notice that:
» The two-input XOR function is true (produces a 1) if and only if its inputs are unequal.

* In conventional digital electronics, the AND-OR algebra is related to D flip-flops (data
latches), whereas XOR relates to T flip-flops (toggle latches).

» XOR defines an Abelian-group, and along with logical AND defines a finite field (Galois
Modulo-2 field). As an example:

1110 1101 0011
0011)_-10000|5(0011
1101 1101 0000
1101 1101 0000

In order to develop an optimal decomposition method for the XOR algebra, we need to borrow an
important concept from matrix theory, which is covered in the next section.

6. Singular Value Decomposition

Singular value decomposition (SVD) is a method of matrix decomposition that is appropriate for
creating XOR symmetric patterns. We make use of results from classical matrix analysis:

« A matrixQ € R™Mis said to be orthogonal@'Q = I, whereQ' is the transpose @ and
| is the identity matrix (all 1's along the diagonal and O’s elsewhere).

* If Ais a realmxn matrix, then there exist orthogonal matriteandV:

U=[u,u,..u]eR™m

15



V=1[v,V,,..,v]ER™
such that
UTAV =X = diag(o,, 0,, ., 0)) ER™N
p = min{ m,n}

where

Terminology:o,’s are the singular values Afand the vectors, andv. are theé" left singular
vector and th&" right singular vector, respectively.

Notation:o,(A) = thei™ largest singular value .

* If SVD is given by the above definition and we defirisy:
20,z..20,>0,,=..0,=0
then we have:

—r is the rank ofA.

—Acould be expressed as a weighted linear combination of outer products:
I
A= .21 ojuvT
| =

7. SVD Based Decomposition Algorithm
In order to translate these results to our problem domain, we make a few observations:

1. XOR with AND defines a field (Galois, Modulo-2 field).

16



2. Therefore, any result that holds true for a real field applies to a modulo-2 field also.

3. In our casd, U, andV are all binary matrices.

4. If the rank ofAisr, then:

5. In particular we are dealing with square matrices, therpfenreandA, U, V& B™".

6. In the absence of a specialized algorithm for finite fields (in particular for a mod-2 field),
we can use the algorithm available for real fields, with a slight modification. The crucial
and only change required regards the notion of “+” (addition, in real numbers). For a mod-
2 field we use ®” (addition, or XOR, as defined in congruent modulo-2), in place of “+”.

7. Observe that the minimum number of outer products required to express the given matrix
(in XOR algebra) is the same as the rank of the matrix. Therefore, we can break the overall
process into two steps. Given a pattérn

(a) Compute the rank é.

(b) Depending on the complexity of the SVD algorithm, the rarnk aind the dimen-

sion of A, decide if the outer product expansion is economical (as opposed to a simple

row-by-row XOR decomposition, which is no greater than the number of rows).

8. Refs. [9, 10] describe an algorithm to compute the SVD for real fields.

8. Connection Between AND-OR and XOR Decompositions

In spite of the simplicity of the XOR decomposition, neither the AND-OR nor the XOR decompo-
sition is generally better than the other, in terms of the minimal number of symmetric patterns
needed to reconstruct the initial pattern. As an example in which the AND decomposition is worse
than the XOR decomposition, consider the following initial pattern:

17



RPROR
RPROR

OORrE
RPRRO

A minimal AND decomposition requires three symmetric patterns:

0000\ (1110\ (0000
0000|,[0000|,/0011
1101]/7|0000|/7|0000
1101/ \oooo/ 0000

In contrast, a minimal XOR decomposition requires only two symmetric patterns:

Conversely, as an example in which the XOR decomposition is worse than the AND decomposi-
tion, consider the following initial pattern:

1110
1111
1111
0111

A minimal AND decomposition requires two symmetric patterns:

1110 0000
1110|,/0111
1110 0111
0000 0111

In contrast, a minimal XOR decomposition requires three symmetric patterns:

18



9. Discussion

Although the matrix addressable approach scales more gracefully in terms of pin count, the drive
requirements per pin are greater, since an entire row or column may need to be enabled, unless this
constraint is addressed by taking bake factor into account. The effect of taking bake factor into
account may increase the number of symmetric patterns in the decomposition, however. Further,
the total energy expended with these methods of decomposition may be greater than for individual
addressing. For example, the initial binary matrix shown in Figure 3 has only 16 enabled microlasers,
but the decomposition into symmetric patterns requires 19 enabled microlasers, although not all at
once.

In comparing the matrix addressable approach to the individually addressable approach, the ques-
tion arises as to how much more time it takes to set up a matrix addressable array than it takes for an
individually addressable array (which takes only one step regardless of the initial pattern). Figure 8
shows a plot for ans8 array in which the number of enabled microlasers varies from 1 to 63, and
1000 random patterns are generated for each sample point. For an individually addressable array,
the number of activation patterns is only 1 for each case since an arbitrary pattern can be applied
directly. For a matrix addressable approach, the best case is a single activation pattern if the target
pattern is symmetric, and the worst case is 8 activation patterns (if eight enabled microlasers are on
a diagonal with disabled microlasers elsewhere, for instance). As shown in the plot, the average for
any number of enabled microlasers is always better than the worst case of 8. If we take the average
of the averages, assuming that any number of enabled microlasers is equally likely, then the ex-
pected number of activation patterns is approximately 5.6.

The expected value (5.6) is better than the worst case (8 activation patterns), but still requires a
relatively large number of activation patterns. Depending on the application, however, the target
patterns may not be randomly distributed as they are for the plot shown in Figure 8. In fact, truly
random distributions are a rare behavior in communication and computation in general, and we
expect there will be a great deal of locality in applications for microlasers, especially for displays,
in which case simple updates to the existing patterns may further reduce the number of activation
patterns. Since locality changes over time, the gains made possible by locality will not be greatly
offset by the effects of laser aging, which is sometimes handled by removing locality from the data
stream (which is not necessary for this application).

The method as presented relies on set coverage, which is a computationally hard problem (of the
class NP) and is therefore not scalable to large arrays. However, the decomposition problem is
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tractable for small arrays (such a88 and simple changes to the wiring pattern can ensure that a
large array behaves as an array of tractable sized arrays. For example, the row-column addressing
scheme can be changed to a two_row-column addressing scheme with a nearly equivalent pin
count but with a greatly simplified decomposition. This can be done without increasing the drive
requirements for the pins by applying bake factor constraints to the decomposition process.

10. Conclusion

We presented an optimal method for decomposing arbitrary 2D patterns into the minimal set of
patterns that can be applied time sequentially to a matrix addressable microlaser array. Two meth-
ods are explored: AND-OR, in which the target pattern is built up from a cleared array in an addi-
tive manner; and XOR, in which the target pattern is built up from a cleared array in an exclusive-
OR (toggled) manner. Neither approach is clearly better than the other when starting from a cleared
array. A study of time sequential buildup for ax88array shows that the expected number of
activation patterns for completely randomly occurring patterns is 5.6, which is better than the worst
case of 8. An open issue is how the expected value improves for real patterns using updates to the
existing patterns.
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Figure 1: (a) Individually addressable microlaser array; (b) matrix addressable microlaser array.
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Figure 3: An example of decomposition of a non-symmetric pattern into three symmetric patterns.
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Figure 4: Existence of decomposition shown as a sum of symmetric patterns having only a single
non-zero point.
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Figure 5: A decomposition need not be unique.
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a| b |ab(AND) | atb (OR)
0|0 0 0
0|1 0 1
1,0 0 1
11 1 1

Figure 6: AND-OR Boolean algebra.
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a| b | a®b(XOR)
0|0 0
01 1
1]0 1
1)1 0

Figure 7: XOR Boolean algebra.
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Number of Activation Patterns
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Number of Enabled Microlasers

Figure 8: Decomposition results for randomly generated patterns orxk8m@trix. 1000 sample
points are taken for each number of enabled microlasers (1 — 63).
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