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Abstract

In order to prevent ground bounce, Automatic Test Pattern Generation (ATPG) algorithms for wire interconnects have recently
been extended with the capability to restrict the maximum Hamming distance between any two consecutive test patterns to a
user-defined integer, referred to&ismultaneously-Switching Outputs Limit (SSOL). The conventional approach to meet this

SSOL constraint is to insert additional test patterns between consecutive test patterns if their Hamming distance is too large;
this approach often leads to many more test patterns than strictly necessary. This paper presents an algorithm that generates,
for a user-defined number of interconnect wires, a minimal set of test patterns that respect a user-defined SSOL constraint.
Experimental results show that, in comparison to the conventional approach, our algorithm leads to a significant reduction in
the test pattern count and corresponding test application time. For example, for problem instances with 5000, 6000, 7000,
and 8000 wires, the algorithm reduces the corresponding test application time on average with 45%.

1 Introduction Test Stimuli Fault-Free Test Responses
i . . i i . 11 1:0 0 O
We consider the situation in which a number of intercon-

nect wires (ets) between two or more digital components 110
need to be tested. In order to test these nets, combinations
of digital test stimuli are applied to the net inputs, and the !
responses are observed at the net outputs and compared tc(z 0 o' o
expected responses. We assume full controllability over the !
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‘
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inputs of these nets, i.e., at the outputs of the components. i g

Likewise, we assume full observability over the outputs of cgge word Test Pattern

these nets, i.e., at the inputs of the components. The typical

problem setting we have in mind is the testing of board-level Figure 1: True/Complement Test for five nets.

interconnect wires between IEEE 1149.1-compliant Bound-

ary Scan ICs [1] on a Printed Circuit Board (PCB). However, In the literature, there is a multitude of ATPG algorithms
most of the theory described in this paper is also applicablefor wire interconnects [3, 4, 5, 6, 7]. Commonly used test
to other situations of testing interconnect wiring, such as generation algorithms are based on the Counting Sequence

with interconnect wires between modules within one IC, a Algorithm by Kautz [4]. It uses simple binary counting to
multi-conductor cable, etc. generate distinct code words. The True/Complement Test

. . Algorithm by Wagner [6] doubles the amount of test pat-
Throughout this paper, we use the following terms for the o s by generating code words that consist of the concate-
test stimuli. nation of the original Counting Sequence code words and
Test Pattern. A test pattern is one set of test stimuli that their inverted values. True/Complement Tests guarantee de-
tection of single-net opens and multiple-net shorts, while
being free fromaliasing [2].

[ ]
are simultaneously applied in parallel on all nets of the
interconnect network. In Figure 1, test patterns are the
columns in the set of stimuli. Others [2, 3] refer to test For i nets, the Counting Sequence Algorithm requires
patterns a®arallel Test Vectors (PTVs). [log, k] test patterns. The True/Complement Test Algo-

o Code Word. A code word is the list of test stimuli that are  rithm doubles that, and hence requigeslog, k] test pat-
subsequently applied on one individual net. In Figure 1, terns. Figure 1 shows an example True/Complement test set
code words are the rows in the set of stimuli. Others [2, 3]
refer to code words &equential Test Vectors (STVS).
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with & = 5 and2 - [log, 5] = 6 test patterns. The code sary.
words arel11000, 110001, 101010, 100011, and011100,

and they can be arbitrarily assigned to the five nets. This paper presents an algorithm that generates, for a user-

defined number of nets, a minimal set of test patterns that
Recently, preventing incorrect Boundary Scan Test operatespects a user-defined SSOL constraint. The sequel of this
tion due toground bounce has become a new constraint paper is organized as follows. Section 2 describes prior
for test generation algorithms. Ground bounce refers to thework in ground-bounce-constrained interconnect ATPG and
phenomenon of shifting ground and power voltage levels, defines the problem addressed in this paper. In Section 3,
for example between the IC-internal ground and power lev-we prove that SSOL-constrained test sets are only small if
els and those at the board [8, 9, 10]. The negative effectghey consist of code words containing few transitions. This
of ground bounce can be prevented by introducing an up-result motivates the definition in Section 4 of an ATPG al-
per limit on the Hamming distance between consecutive testgorithm for a given number of nets and given code word
patterns [8]. In this paper, we refer to this upper limit as the length. Then, in Section 5, we show that this algorithm,
Simultaneously-Switching Outputs Limit (SSOL), denoted  when applied with a specially-computed code word length,
by a user-defined integer is guaranteed to produce a minimal set of test patterns for the
given number of nets and SSOL constraint. Section 6 com-

tools for board-level interconnects have added this SSOLPa"es our aIgonthm with the conventional method and an-
other recently published approach. It shows that we obtain,

constraint into their products [8, 11]. The conventional way for problem instances ranging from 5,000 to 8,000 intercon-

of resolving SSOL violations is by inserting one or more . S
- ) nect wires, on average 45% reduction in the number of test
additional test patterns between two consecutive test pat-

terns that have an SSOL violation. Per inserted test pa’[ternpatt(—:‘rns and corresponding test application time. Section 7

s remaining SSOL violations can be resolved. Hence, be_toncludes this paper.
tween distinct consecutive test pattepnsandp,, we need
to insert[dy (p1,p2)/s] — 1 additional test patterns in order

Many vendors of automatic test pattern generation (ATPG)

2 Prior Work and Problem Definition

to resolve their SSOL violations (whetk(py, p2) repre- I [7, 12], Marinissen et al. show that the conventional ap-
sents the Hamming distance of test patternandp,). Fig- proach of S|mply msertmg additional test patterns t_o over-
ure 2(a) shows an example test pattern set, generated by tf@me SSOL violations can lead to an unnecessarily large
True/Complement Test Algorithm fdr = 5. test set. They identified two degrees of freedom, that can
be exploited in order to reduce the number of additional test
) (0) tterns that need to be inserted, while maintaining all de-
P, P.P,P,P,P PR P, PR, P pat _ : el 3
67574787271 qofsagaret tection and diagnostic properties of the original test set.
111000 1|11 1 ofojo O . ] o
110001 The first degree is namezbde word subset selection; in
Hijr ool case the number of nets is not an exact power of two (i.e.,
101010 1110 1 ofof1 0 E=2—rwithb € Nt and0 < r < 2°~1), we can
100011 111lo o olol1 1 freely choose whictk code words will be used out of the_
set of2® cgde words. The number of subsets to be consid-
011100 oY1 11(0J)o 0 ered is(,2 ). This number can be very large, and hence
&/ W/ R/N NI . " two heuristic alaorithms for effici lect
> 2(3)2 1222122 [7] proposed two eu.rlstlcagorlt ms ore_:.lment selection
Hamming distance Hamming distance of a code word set, viz. based on eitli@nsition counts or
difference counts per code word.
(a) (b) _
The second degree of freedom is that test patterns can be
Figure 2: True/Complement test set for= 5 (a) with vi- freely re-ordered. The problem of re-ordering the set of test
olations against = 2, and (b) the violations resolved by patterns such that the Hamming distance of consecutive test
inserting two additional test patterps; andps;. patterns is minimized is similar to the well-knowkiP-hard

The Hamming distances between consecutive test pattern$raveling Salesman Problem (Tsp) [13]. In [7], a greedy
are depicted as weights of the arrows at the bottom of theT SPheuristic was proposed to solve this problem.

figure. Fors = 2, there are two SSOL violations, one be- Marinissen et al. [7] provide equations for theoretical up-
tween patterng; andp;, and one between patterpsand  per and lower bounds for the minimal number of test pat-
ps- These violations are resolved in Figure 2(b) by inserting terns fork nets under SSOL constraist The difference
two additional test patterng;; andps;, leading to atotal of  petween these upper and lower bound is the room for opti-
eight test patterns. The conventional approach is valid, butmization, and is largely determined by (1) the SSOL value
often leads to many more test patterns than strictly necesy and (2)r, the difference between the number of nets
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and the next higher power of two. Experimental resultsin1 < i < k andl < j < b. We denote the test patterns by
[7] show that exploiting these two degrees of freedom for py,...,ps, Wherep; = (C4;,...,Ck ;) is thejth column

k € {5000, 6000, 7000, 8000} results forspecific values of of C.

s in a reduction of the test pattern count of 45%, when com-
pared to the conventional approach of simply inserting ad-
ditional test patterns. Especially exploiting the first degree
of freedom by means of the transition count heuristic algo-
rithm turns out to be effective. However, for many values of
s, the degrees of freedom do not provide any room for op-
timization. The average reduction of the test pattern count
for k € {5000, 6000, 7000, 8000} ands varying from 5% to T . — {
50% of k is respectively only 17%, 12%, 9%, and 2%. b

The problem addressed in this paper can formally be statedl he two alternative test set representations are illustrated in

As transitions and transition-counts are important in our
analysis, we often refer to an alternative notation of test
C, viz. the one in which a test is represented by a binary
k x (b — 1) transition matrixI” and¥k initial code word val-
uesC; 1. Here, the relation between the matricesind T

is defined by

L i Cij # Cijta;

0, otherwise.

as follows. Figure 3.
. . b b-1 C.
Problem [Minimal SSOL-Constrained Test] ul
Given k interconnect nets and an SSOL valusvith s €
IN*t. Find a test fork nets, such that (1) the test consists of , i .
Test matrix C Transition matrix T

k distinct code words, (2) each pair of consecutive test pat-
ternsp; andp, have a Hamming distanaé: (p1,p2) < s, K c, k T,= (G, #Cyp)
and (3) the number of test patterns is minimized. ’ ' ’

Note that the requirement f@rdistinct code words guaran-
tees that the test produced provides the same fault coverage L
as the Counting Sequence Algorithm by Kautz [4], viz. cov- (a) (b)

erage of all multiple-net shorts modeled as wirads or

wired-oR. The problem definition doewt specify thatthe  Figure 3: A test can be encoded by (a) a bin&ry b test
code words need to be generated by counting, and hencenatrixC, or (b) a binaryk x (b — 1) transition matrix” and
opens the possibility to generate tests in other ways. a set ofk initial code word values’; ;.

Also note that it is easy to extend our approach and cor-Forj = 1,...,b — 1, letd; = du(p;,p;+1) denote the
responding algorithm with coverage beyond wireds or Hamming distance between consecutive test patjgraad
wired-oR shorts.  Single-net opens modeled as stuck-atp;j+1, I-€., the number of code words whergandp; ;1 dif-
faults can be covered by excluding all-zero and all-one codefer. For simplicity, we assume that consecutive test patterns
words. Aliasing can be prevented by adding a complementare distinct, that is, we assume thigt > 0 for all j. (Our

to the test. analysis can easily be adapted to the case where some of
the distanced; are zero.) Given this assumption, if test set
3  Low-Transition-Count Code Words C' is used in combination with an SSOL constrainthen

[d;/s] — 1 test patterns have to be inserted betwgeand
In this section, we analyse the relationship between the bi-p; ;. Hence, after insertion the total number of test patterns
nary contents of a given test set and the amount of test pat®, required under SSOL constrainbased on the given test
terns that need to be inserted to resolve any violations of theset satisfies
maximum Hamming distance constraint for consecutive test b—1 b—1
patterns. We show that the amount of additional test patterns P, =b+ Z ({d_ﬂ — 1) =1+ Z {d_ﬂ . (D
that need to be inserted is strongly related to the number of j=1 s =8
transitions in the code words. Our main conclusion is that
in order to obtain a test set containing few test patterns af-Let 7, fori = 1,...,k, denote the number of transitions
ter possible insertion of additional test patterns to satisfy thein code worde;, i.e.,7; = #{j € {1,...,b—1}| C;; #
SSOL constraint, we necessarily have to choose code word€);,j+1 }-

containing few transitions. Our aim in this section is to derive lower and upper bounds

Consider a fixed test, represented by a biriasy b matrix for P, in terms of the total number of transitiong,, =
C, where the rows correspond to theode words and the Zle 7; in testC. Our analysis is based on the following
columns to the test patterns. We denote theode words ~ simple fact. Define the total distandg,, of the test set by
by ci,...,c,. LetC; ; refer to bitj in code worde;, for drot = Z;’.;} d;.
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Proposition 1: The total distancé,, is equal to the total & code words available, we must have that> k. So, we
number of transitionsqt, i.€.,diot = Tot- assume that > b, = [log, k1.

Proof: Observe that the number of transitions in a row of The analysis in Section 3 suggests to choosekttmde
C is given by the number of ones in the correspondiwg ~ words in such a way that the total number of transitions in
of T', while the Hamming distance between consecutive testthese code words is minimized. To push that idea to the
patterns is given by the number of ones in the relecaht limit, we propose the following code word selection algo-
umn of T'. So et anddyer, both count the total number of  rithm. Choose all words with 0 transitions, then all words
ones inT’; one does so by rows and the other by columns. ith 1 transition, up to all words with— 1 transitions, and

o finally some additional words with transitions. Here is
such that the numberof required code words is larger than
the number of words of lengthwith at mostt — 1 transi-
tions, but not larger than the number of words of lenggth

Theorem 2: Let a test set consisting of code words of With at mostt transitions.

lengthb contain a total ofrie, transitions. Then the NUM-  Ngte that the total number of transitions in a test set chosen
ber P; of test patterns after insertions to satisfy an SSOL jp, this way does not depend on the particular choice of code

We use Proposition 1 to derive upper and lower bounds for
P; that depend only ofs.

constraints satisfies words, and is by construction the minimal number of transi-
Tiot Tiot tions inany set ofk code words of length. We denote this
R RS R R R @ number byro. (b).

In order to analyse this algorithm and to be able to compute

Proof: By Equation (1), we have thaP; = 1 + Teot (b), we need the following result.

Z;;} [d;/s]. So, using Proposition 1, we have on the one
hand that?, > 1 + Z?: d;/s = 1+ 701/s; on the other Proposition 3: The number of words of length with ¢

: . . transitions is equal ta(*~1).
hand,P, < 1+ Z'J’-:}(dj/s + 1) = b+ Tiot/s. SincepP; is q ( ¢ )
integer, the theorem follows. O Proof: The number of words of length— 1 with precisely

) . i ones is equal toé”;l). From the correspondence between
From this theorem, we conclude that for fixed code word thek x b code word matrix_' and thek x (b — 1) transition

lengthb, the total number of test patterns after insertion un- matrix 7 as indicated in Figure 3, we see that each of these
der an SSOL constraistcan be small only by using a col-  words corresponds to precisely two code words wittan-
lection of code words for which the total number of transi- sitions. O

tions is small. This conclusionis in line with the observation _
in [7] that, of the various approaches considered, code wordVe can now formalize our method as follows. lete the
subset selection by means of the Transition-Count heuristichumber of code words with transitions that are included

was the most effective. in our test set. In order to minimize the total number of
transitionsy_‘_ ik; in our test set, our code word selection
4 ATPG for Fixed Code Word Length method chooses as code woedlwords containing at most

t — 1 transitions, andome of the words containing tran-
The conventional approach to generate a ground-bouncesitions. Sok; = 2(°7') for 0 < i < ¢ — 1 andt is such
constrained test set fdr nets is to creaté code words  that

of lengthd = bnin = [log, k] based on straightforward : i1

counting. All violations of the constraint that Hamming dis- . _ N~ — N 2<b - 1) Hhy, With0 < Ky < 2<b - 1>.
tances between consecutive test patterns should be less than 7= = i ’ - t
or equal to SSOls are resolved by means of inserting addi- 3)

tional test patterns. In [7, 12], Marinissen et al. showed hOWThis code word selection method is illustrated in Figure 4.

additional optimization procedures performed before inser- : .
. ) : . For both test set representations, the figure shows by means
tion can reduce the Hamming distance between consecutive . :

f gray shading which code words are generated.

test patterns, and hence reduce the number of additional tesq

patterns that need to be inserted. For 70t (b) we now obtain the expression

In this section, we explain how to choose almost optimally t t—1 b_1

%k code words of anyixed lengthb, in order to minimize un- Tiot(b) =Y ik = i 2( _ > +t-k (4
der a given SSOL constraintthe number of patterns that i=0 i=0 t

need to be inserted and overall to minimize the total number
of test patterns required. Note that in order to have at leastNext we use this code word selection method to derive
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Test matrix C Transition matrix T Ci,l 14+ (b _ 1) [Ttot(b)-l test patterns satisfying SS@,_ thus

b b1 } 7 =1)s
i s o = b establishing the upper bound.
. 2 ones 0| _ .
| 2 ranstions 1“ ‘% ””” T S— ﬂ g For our algorithm, theotal distance dio, = > '—; d; will

D always be the same (namety (b)), but the values of indi-
i vidual distancegd; depend on the choice of the code words.

+1 ones 9 Our algorithm fixes the code words with less thatran-
1 vansiions A e H ke sitions. The only remaining freedom is the selectiorkof
e 1 code words witht transitions.

Further in Proposition 5, we prove that the part of the dis-
tancesd; on code words with at most— 1 transitions is in
fact constant, independent pf Therefore thé:; additional
code words we still have to choose determine the resulting
distancesl; and consequently determine the resulting num-
tones 1 ber of test patterns after insertion, as seen in Equation (1).
Subsequently we explain how to choose the remairing

L code words such that thg values remain about equal.

K tones 0 k,

t transitions

@) (b) First, we writed; = EE:O d; e, whered; , is the part of
the Hamming distance betweppandp;;; on code words

Figure 4: The code word selection method. - " :
containingf transitions, that is

bounds on the minimal number of test pattep(s, s, b) re-

guired in a test set fok nets, using code words of length die=#{i€e{1,...,k}| Ci; #Cijy1 and 1, = £}.

b, and satisfying an SSOL constraint Since we showed

above that there exists a test set (in fact, many test sets) usingroposition 5: The part of the distancek on code words
code words of lengtlh for which 7., = 7y (b) and since  with ¢ > 1 transitions and beginning with a fixed value is
obviously no such test can have a smaller value,gf we  equal to(’~?). So we have that; o = 0 andd;( = 2(}~7)
conclude from Theorem 2 that fore=1,...,t—1,independentof € {1,...,b—1}.

tions, viz. the all-zero and the all-one code word, and hence
d;o = 0. The number of words iff” of lengthb — 1 with ¢
Note that any algorithm using this code word selection ©nes thatcontain a 1in a given positipg {1,...,b—1}is
method and some specific method to choosekthaddi-  (;_;)- Since each such word ifi corresponds to two code
tional code words achieves a total number of test patterngvords inC' with £ transitions (one beginning with a 0, the
after insertion that lies within the bounds in Equation (5). Other with a 1) that each contribute onedg, the result
In particular, this holds for the Transition-Count code word TOllows. o
subsgt selection heu.ristic algorithm in [7] which is based As a consequence, we have that
on this method. In this paper, we improve the upper bound
in Equation (5) by proposing an algorithm that has a better t iy )|
worst-case behavior. (And as we show later, although the dj=> djg=) 2 (5 B 1) +djt, (6)
algorithm is not optimal for every, it is optimal where it £=0 £=0
counts.) In fact, we will show the following result.

1+ [Tm(b)w < plk,5,b) <b+ Vtot(b)J (5)  Proof: There are only two code words with 0 transi-
S S

Next, consider the choice of thie code words containing
Theorem 4: Letk andb be fixed, and let,, (b) be defined  transitions. In casé; > (”;1), we choose in addition all
as in Equation (4). Then words witht transitions and starting with a zero. Note that
due to Proposition 5, the part of the distandgslue to the
max <b, 1+ {MD < p(k,s,b) < 1+(b—1) [Mw . code words chosen up to now is constant, independeit of
S S

(b—1)s| Now, letk; be defined by
Lk = kta if 0 S kt < (b;1)7 7
The lower bound in this theorem combines the result in O ke — (bzl), otherwise. @

Equation (5) with the obvious fact thatk,s,b) > b. In
the remainder of this section we describe a method based ofror later use, we note that< k; < (bzl). Then, we still
our code word selection algorithm which produces at mosthave to choosé; additional code words with transitions
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(all starting with 0 ifk, < (°7') and with 1ifk; > (°7")),
or, equivalentlyk; words of lengthh — 1 containingt ones

(representing the transitions in the code words). For conveproving the upper bound in Theorem 4.

nience, we identify words of length— 1 containingt ones
with subsets of 1,...,b — 1} of sizet. Then, in terms of
sets, we still have to choosg distinct subsets of sizefrom
{1,...,b— 1}. Note that the (variable) part of the distance
d; on positions corresponding to thekg words becomes,
in the terms of sets, the frequengyof the occurrence of the
elemeny in thesek; sets. We need the following definition.

Definition 1: Avectorf = (fi,..., fn) is calledbalanced
if there is an integee such thatf; € {e,e + 1} for all
1=1,...,n. O

We now ensure that the remainihfjcode words are chosen
in such a way that the part of the distanekgson thesek;

after insertions to satisfy an SSOL constraintthe total

number of patterns is (at most)+ (b — 1)[%1, thus

5 ATPG for Variable Code Word Length

In the previous section we already remarked that in order to
have at leask code words available, the code word length
b has to be chosen such that> by, := [log, k]. How-
ever, if we choosé equal to this minimund,,;,, then nec-
essarily a lot of code words contain many transitions. Now
we make the following crucial observation. According to
Proposition 3, the number of available code words of length
b with 4 transitions is given b2 (">'). Hence the number

of available code words with transitionsincreases when

the value ob increases. So we conclude that by chooging

code words is balanced. That is, in terms of sets, we ensureode words containing the minimum number of transitions

that the frequencieg; are balanced. Our algorithm is based
on the following result.

Theorem 6: Let1l < t < n. Suppose we are given
a balanced integer vectgt = (f1,..., f.) with weight
fi+-+-+ fr =mtsuchthad <m < (7). Thenthereis a
collectionS = {Si,..., Sy} of m distinct subsets of size
of {1,...,n} such that eachoccurs inf; of the setsS;.

It seems highly unlikely that either the above result or our
method of proving it is new, but at the time of writing we
were not aware of any suitable reference. In Appendix A,
we prove this resultonstructively, that is, we describe an
algorithm to actually construct these séls ..., S,,. We
use this algorithm to choose = k; code words, by choos-
ingm t-subsets froM1,...,b—1} such that the frequencies
fi,-.., fr—1 are balanced.

Summarizing, our algorithm BALANCE[, s, b) does the
following. First, choose numbensand k; according to
Equation (3). Next, determine the number = k; from
Equation (7). Now, we take as code words all words of
lengthb with at mostt — 1 transitions, and ifn # k; also
all words of lengthb with ¢ transitions and beginning with
a 1. Finally, determine anothet words of lengthb with

t transitions and beginning with a 0 @it < &;) or a 1 (if
m > ki) by using the algorithm in Appendix A. Here, if
mt = q(b— 1) +r, we choosef; = ¢+ 1 for r indices; and
fi = g for the remaining — 1 — r indicesi. This algorithm
then ensures that the distancgsare balanced.

Now if 710t (b) is the number determined as in Equation (4),
then the average distandg, is equal tor(b)/(b — 1);
henced; < [704(b)/(b — 1)] and therefore

4]«

(b—1)

as in our code word selection method in Section 4, the result-
ing total number of transitions,.. (b), and hence certainly
the quantityr;; (b) /(b—1) figuring in Theorem 4, decreases
with increasing.

Proposition 7:  The functionr(b) is a non-increasing
function of b for b > by, thatis, ifbymi, < b < V', then
Ttot(b) > Ttot(bl)-

This observation suggests that

p(k7 S) = bmin p(k7 S) b)7
the minimal number of test patterns required in any test set
for k nets and satisfying an SSOL constraénts realised
for a valueb that is often much larger thét,in .

To indicate the behavior of the bounds in Theorem 4 for
varying b, we have plotted in Figure 5 fdr = 6000 and
s = 600 both the upper bound

Ttot(b)
(b—1)s

U(b):1+(b—1){

and one of the lower bounds
L) =1+ [—“‘“(b)} ,
S

for b Z bmin-

It is intuitively obvious that the best choice féris close

to the smallest valug* of b for which the average distance
Teot (D) /(b — 1) is at mosts. Note that for this valué*, we
have that/ (b*) = b*. This idea is vindicated by Figure 5.

In Appendix B, we give a rough estimate of the valuéof
and hence for corresponding total number of test patterns
p(k,s,b*) = b*, givenk ands.

It turns out that the optimal value 6f that is, the value of

We conclude that this algorithm produces a test set such thatthat minimizeg(k, s, b), is in fact alwaysqual to the
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Figure 5: Upper and lower bounds fp6000, 600, b), for
b Z bmin-

numberb* as defined above, that is, we have the following
result.

Theorem 8: Let k ands be positive integers, with > 2.
the functionr.. (b) as in Equation (4). Lét,i, = [log, k],
and define the numbaéf to be the smallest integér> b,
for which 7, (b) < (b — 1)s. Then the minimum number
p(k, s) of test patterns required in any test set#arets and
satisfying an SSOL constraintsatisfiegp(k, s) = b*.

Proof: First we show thap(k,s) > b*. Suppose that
b = p(k, s) and thatC' is ak x b matrix with distinct rows
satisfying the SSOL constraint, thatis, foe 1,...,b—1,
the distancel; between thel;-th and thed;;-th column
satisfiesd; < s. SSOL constraint. Then, using Proposi-
tion 1, we have that,, the total number of transitions in
the matrixC, satisfiesryo; = dior < (b — 1)s. Since obvi-
ously 7i0t (b) < Tiot, We conclude thati.. (b) < (b — 1)s,
and hence thai(k, s) = b > b*.

Next, we use our algorithm BALANCE(, s, b*) to show
thatp(k, s) < b*. Suppose that,o.(b) < (b—1)s. Again by
Proposition 1, we see thatkax b matrix containingr (b)
transitions has an average distange satisfyingd,, < s.
The algorithm BALANCELOk, s, b) delivers a matrix where
the distancesl; satisfyd; € {|dav], [dav]}. hence with
d; < sforall j. So whenever,(b) < (b — 1)s, we have
thatp(k, s) < b. In particular, we have that(k, s) < b*.

]

As a result of this theorem, to generate a test set foets
that satisfies an SSOL constraimnd contains a minimum

number of test patterns, proceed as follows. First, determin

the numbeb* as defined in Theorem 8. Then apply the al-
gorithm BALANCED(k, s, b*) as described in Section 4 to

generate a test set witlf patterns where consecutive pat-
terns have a distance of at mest

6 Experimental Results

This section presents experimental results for our new

with other methods. We use True/Complement Tests [6] as
the basis for our comparison. This is motivated by three
reasons.

e True/Complement Tests provide complete fault detection
for the most-commonly used fault models (multiple-net
wired-AND and wiredoRr shorts and single-net stuck-at
opens) and prevent aliasing.

e True/Complement Tests are the basis of many profes-
sional (commercially available) ATPG tools for wire in-
terconnects.

e Previous publications to which we can compare ourselves
are also based on True/Complement Tests.

We compare three methods.

1. Conventional Method.
This method generates a True/Complement Test by
means of conventional counting, followed by comple-
menting. Subsequently, the SSOL constraint is met by
conventional insertion of additional test patterns. This
method is the basis of many professional (commercially
available) tools. In [7], it is referred to ag/c+I".

2. Best Method of Marinissen et al. [7].
This method generates a True/Complement Test by
means of conventional counting, followed by comple-
menting.  Subsequently, transition-count-based code
word subset selection and test pattern re-ordering are
applied. Remaining SSOL violations are resolved by
means of conventional insertion of additional test pat-
terns. This method is the one that performed best from
the various methods described in [7], and in that paper is
referred to ast/C+T+R+1".

3. ATPG for Variable Code Word Length.
This method generates a “True” test set as described in
Section 5 of this paper. This test is guaranteed to be free
of SSOL violations and hence does not require insertion
of additional test patterns. Subsequently, the “Comple-
ment” part is generated by adding the complementary
test set, which, again, is free of SSOL violations. At the
border between “True” and “Complement” test patterns,
usually a few additional test patterns need to be inserted.

The left-hand side of Figure 6 shows experimental results
for a problem instances with € {5000, 6000, 7000, 8000}

dets. For SSOL value varying between 5% and 50% of

k, Figure 6 plots the test pattern cousk, s) for all three
methods. The right-hand side of Figure 6 shows the im-
provements in test pattern count of thiee+T1+R+1 method
and our new ATPG for Variable Code Word Length relative
to the base-line conventional methokt+1.

Figure 6 shows that, for all SSOL valugghe conventional
method yields the highest number of test patterns.

SSOL-constrained ATPG algorithm and compares those
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Figure 6: Test pattern couptk, s) and relative test pattern count reductionfog {5000, 6000, 7000, 8000} nets and SSOL
s varying from 5% to 50% ok.
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For some values of and s, the T/c+T+R+I method A Proof of Theorem 6

of [7] provides substantial improvement over the conven- For a vectorf = (fi,..., fn), we define its weights(f)

tional method; however, there are also many values ofand its average coefficient(f) as

k and s where T/c+T+R+I does not yield any improve- .

ment at all. Our new ATPG for Variable Code Word

Lengths clearly outperforms the other approacheskfer w(f) = Z fir  av(f) =w(f)/n.

5000, 6000, 7000, 8000, the average relative improvement =1

over the conventional method is respectively 46%, 46%, We need the following simple result on balanced integer

45%, and 44%. Our new ATPG algorithm also consistently vectors.Lemma 1: Let the integer vectof € Z™ be bal-

improves on the conventional method for all value& ahd anced, and lef\/_ and M, be integers. Then we have

s. M_ < f; < My foralli = 1,...,n if and only if
M_ <av(f) < M;. m|

7 Conclusion Proof: If M_ < f; < My foralli = 1,...,n, then ob-

In this paper, we have presented an ATPG algorithm thatViously alsoM_ < av(f) < M. The converse follows
generates, for a user-defined number of eta minimal immediately from the observation thatfifis balanced, then

set of test patterng(k, s) that respect a user-defined SSOL fi € {lav(N)]; [av(H)T} foralli =1,...,n. .
constraints. In what follows, we prove Theorem 3 by describing a recur-

The number of test patterns after insertion is strongly re-Sive procedure
lated to the number of transitions in the code words. Hence,
in order to obtain a valid test set with a small number of
test patterns, we have to select code words with few transithat, given integersy,t,m with 1 < ¢t < n and0 <
tions. Based on the above observation, we have presentegh < (?) and a balanced integer vectbr= (fi,..., fx)
an algorithm that, for givert, s, andb, chooses as code with weightw(f) = mt, delivers a (reversely lexicograph-
words all words of length with at mostt — 1 transitionsand  ically ordered) list of set§ =< Si,...,S,, > of m dis-
subsequently carefully selects some words of lemgilith tinct subsets of 1,...,n}, each of size, such that each
t transitions, such that we obtain a total of exadilgode ;€ {1,...,n} occurs in preciselyf; members of.

words, with balanced Hamming distancbetween consec- . .
gor later use, we first derive two bounds on the components

setlist solution(intn, int ¢, int m, int_vector f)

utive test patterns. The resulting test set consists of the test, f £ First note that b i d
patterns thus obtained, plus additional test patterns inserte la\(jejtcﬁatlrs note that by our assumptions enand f, we

to resolve remaining SSOL violations. Using the first algo-
rithm as a subroutine, we have presented a second algorithm _ t(n\ (n-1
that, for givenk ands, finds a valué = b* such that if the 0 < av(f) =mt/n < n (t) = <t _ 1)’
subroutine is invoked for this*, we can guarantee that no
additional test patterns need to be inserted to meet the SSO
constraint; moreover, we have shown that this second algo- n—1

rithm generates provably minimal test sets. 0<fi < <t B 1) (8)

pience using Lemma 1, we conclude that

Using the commonly-used True/Complement Test algorithm
as an example, we have presented experimental results for V . .
k € {5000,6000,7000,8000} ands varying from 5% to C{T( f*)f L '(;1’7;”_ j’(‘}'))’\;zte_th(ztf_ ';Tz‘-;’z'”sbj'snf)i‘:’g}d
50% ofk. The experiments show that our algorithm yields . : N ' y

ST sumption onm, we find that
on average 45% reduction in the number of test patterns
when compared to the conventional method. n—t <n> _ <n — 1)

foralli = 1,...,n. Similarly, consider the vectof* =

0§av(f*):(n—t)m/n§T : ;

so using Lemma 1, we conclude that

Acknowledgements
-1
_ . o<m—fi<(” ©)
We thank Ben Bennetts of Bennetts Associates for drawing t
our attention to this problem at the European Test Workshop oralli— 1 n

2002. We also thank our colleagues Sebastian Egner, Jac
van Lint, Ludo Tolhuizen, and Evgeny Verbitskiy for fruitful ~ First, we handle the cases where 1 ort = n. By (8), in
discussions on mathematical aspects of this problem. these cases we have thiate {0,1} for all i. Soift = 1,

Paper 13.4
377



we can takeS =< {i} | fi = 1 >; similarly, if t = n, then
we have thatn = 0 orm = 1, so we can tak& = § (if
m=0)orS={1,...,n} (if m=1).

Next, we handle the cases whdre< ¢t < n by recursion.
The idea behind our method is to think of the listhat is

to be generated as a uniéh= Sy U S;, whereS, consists
of them — f,, sets inS that do not contaim andS; con-
sists of thef,, sets inS that contain. Now Sy and the list
S) =< S\{n}| S € S > canbe considered as a collection
of subsets of 1,...,n — 1} of sizet or sizet — 1, respec-
tively. So to generate the ligt recursively, we need to write
the vectorf’ = (fi,..., fn—1) @s a sum of two balanced
vectorsg (for Sp) andh (for S7) with w(g) = t(m — fy)
andw(h) = (¢t — 1)f,; note that by (8) and (9), both
m — f, and f, already satisfy the required bounds. Once
we have found such vectogsandh, we obtain the desired
list S from recursive calls solutidm — 1,¢,m — f,,g) and
solutionn — 1,¢t — 1, fn, h).

To construct the vectoh, write w(h) = (t — 1)f, =
giln — 1)+ rwith0 < r < n — 1. We constructh to
haver components equal to + 1 andn — 1 — r compo-
nents equal tg, so thath is balanced and has the desired
weight. Moreover, in order to ensure thpt f' — his also
balanced, we choose the setrafomponents oh whereh

is maximal to be a subset of the positions wh¢rie max-
imal, if the number of these latter positions is at legsbr 8
to include all the latter positions, if their number is less than
r. It is not difficult to see that this construction guarantees
thatg indeed is also balanced. Sineg¢g) = w(f' — h) =
w(f') —w(h) = (mt — f,) = (t = 1) fn = t(m — f,), the

vectorg automatically has the desired weight.

As it turns out, this estimate fdr* is somewhat too small,
but always at least about 80 % of the true value.
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