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Abstract

We present a new scan-BIST approach for determining
failing vectors for fault diagnosis. This approach is based on
the application of overlapping intervals of test vectors to the
circuit under test. Two MISRs are used in an interleaved
fashion to generate intermediate signatures, thereby obviating
the need for multiple test sessions. The knowledge of failing
and non-falling intervals is used to obtain a set S of candidate
failing vectors that includes all the actual (true) failing vectors.
We present analytical results to determine an appropriate
interval length and the degree of overlap, an upper bound on
the size of S, and a lower bound on the number of true failing
vectors; the latter depends only on the knowledge of failing
and non-failing intervals. Finally, we describe two pruning
procedures that allow us to reduce the size of S while
retaining most true failing vectors in S We present
experimental results for the ISCAS 89 benchmark circuits to
demonstrate the effectiveness of the proposed scan-BIST
diagnosis approach.

1 Introduction

As process technologies shrink and designs become more
complex, built-in self-test (BIST) is gaining increasing
acceptance as an industry-wide test solution [1]. In particular,
the combination of scan design and BIST, commonly referred
to as scan-BIST, is now especialy common [2]. Scan-BIST
techniques typically apply a large number of patterns from a
pseudorandom pattern generator (PRPG) to the circuit under
test (CUT) via scan chains. The test responses are then
captured by the scan chain and a compact signature is
generated using a multiple-input signature register (MISR);
see Figure 1. However, a problem with this approach is that
the signature provided by the MISR does not contain enough
diagnostic information, either to identify failing vectors or to
precisely identify error-capturing scan cells. The pass/fail
information obtained from the MISR at the end of the test
session is usualy insufficient to diagnose the failure via effect-
cause analysis.

Fault diagnosis is essentia for the identification of
manufacturing defects and for yield learning. The cost of
diagnosis is proportional to the time required for failure
analysis, which can be extremely high for a scan-BIST scheme
involving tens of thousands or millions of vectors [3].
Therefore, there is a pressing need for BIST schemes that
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provide adequate diagnostic information, without burdening
the failure analysis process with superfluous information.

The diagnostic information in scan-BIST can be classified
as space information and time information, respectively. The
former refers to the set of scan cells that capture errors during
the BIST session. This problem has received a lot of attention
recently, and a number of methods involving scan chain
partitioning methods with multiple test sessions have been
proposed for precisdly identifying the failing scan cells [4-7].
A more difficult problem in scan-BIST diagnosis is that of
identifying the set of failing vectors. This is because the length
of a scan chain in a typica BIST scheme is usualy much
smaller than the number of test vectors applied to the CUT. As
a result, fewer practica techniques are available today for
rapidly identifying asmall set of candidate failing vectors.

Early work on failing vector identification was based on the
analysis of LFSR sequences [8], and the use of cycling
registers [9] and error-correcting codes [10,11]. An alternative
approach that does not require intermediate signatures was
presented in [12]. These techniques suffer from the drawback
of limitations on error multiplicity [8], diagnostic aliasing
[9,10,11], and high overhead [10,12]. Recently, a method
based on the combination of cycling registers and pruning
techniques was proposed for failing vector identification [13].
While this approach is useful in narrowing down the set of
candidate failing vectors, it suffers from the drawback that it
does not identify all the failing vectors.

In this paper, we present a new technique for failing vector
identification based on the use of overlapping intervals of test
vectors. An interval is a set of consecutive test vectors. An
advantage of this approach is that all failing vectors are
included in a reduced set of candidate vectors for failure
analysis. The overlap allows us to prune the set of candidate
failing vectors. An interval that does not contain a failing
vector can be omitted from the set of candidate failing vectors.
The overlap ensures that if afailing interva |, isfollowed by a
non-failing interval 1,, only the set difference I, — I, needs to
be retained in the set of candidate failing vectors. In order to
reduce the candidate set further, a pruning procedure is
performed as optional post-processing step prior to failure
analysis.

The proposed interval-based approach also alows us to
determine alower bound on the number of actual (true) failing
vectors. This bound is obtained via a simple graph model
based on the pass/fail status of the intervals.

In addition to facilitating effect-cause anaysis, the
proposed approach can also benefit cause-effect analysis [14].
For example, the knowledge of candidate failing vectors can
improve the resolution provided by a compact fault dictionary
[15].
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The organization of this paper is as follows. In Section 2,
we present the scan-BIST architecture for this interval-based
scheme. In Section 3, we present theoretica analysis to
determine the interval length and the amount of overlap. We
also determine an upper bound on the number of candidate
failing vectors and a lower bower bound on the number of true
failing vectors. Finaly in Section 4, we present experimental
results for the ISCAS 89 benchmark circuits.

2 Interval-Based Diagnosis

In this section, we introduce the notion of intervals of test
vectors for diagnosis. Let T be an ordered set of patternsthat is
applied to the CUT by the test pattern generator (TPG). An
interval | corresponds to a subset of consecutive vectors from
T. The basic idea of interval-based diagnosis is to divide T
into a set of overlapping intervals |y, Iy, ..., Iysuchtha T= I,
O, 00 lIyand Nl #P .

Figure 2 illustrates three consecutive intervals. The entire
test sequence is split into intervals of length L and overlap r.
Note that I; represents the i'" interval. The test patterns in an
interval are applied to the CUT and the signature is compared
for every interval. We assume that the aliasing in the MISR
used for signature analysis can be neglected. If an interval
contains one or more failing vectors, the corresponding
signature is different from the fault-free signature. The
diagnosis procedure therefore relies on the knowledge of
failing intervals, from which the candidate failing vectors are
derived.

A hardware implementation of the proposed scheme is
shown in Figure 3. We augment the basic scan-BIST scheme
in Figure 1 by using two MISRs with reset input to capture the
signature for every interval. The “MISR Selector” determines
the start and stop positions of the intervals and thus controls
the MUX to output the signature from one MISR at a time.
Since two adjacent intervals are overlapping, two output
MISRs are used to avoid applying the vectors twice. If MISR;
is used for the current interval, then MISR; is selected at the
start of the next interval. Therefore, MISR, captures signature
of the current interval while MISR, captures signature of the
next, and these MISRs provide the interval signatures in an
interleaved fashion. The fault-free signatures can be stored off-
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Figure 3. Scan-BIST architecture for interval-based diagnosis.
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chip since the intermediate signatures can be downloaded after
every interval. An adternative approach is to use time
redundancy and a standard BIST scheme based on a single
MISR. Note that the proposed interval-based approach may
potentially be combined with signature analysis methods that
use multiple intermediate signatures but a single reference
signature [17]. This offers the advantage of reduced storage
requirement for diagnosis—the details are currently being
investigated.

The use of overlapping intervals alows us to reduce the
number of candidate failing vectors. This can be explained as
follows: If l;isafailing interval and |;_;is not afailing interval,
the set of vectorsin I; N I;.; can be eliminated from the set of
candidate failing vectors. In this way, I; and 1,; together
contribute only L —r vectors to the set of candidate failing
vectors. In order to limit the number of intervals and MISR
signatures, we assume that a vector belongs to at most two
intervals. In generd, let I be the set of failing intervals and let
Ine be the set of non-failing intervals. The set of candidate
failing vectors Q isthen givenby Q =JI; —J!I i

ide  jONe

An appropriate value of interval length L must be chosen to
trade-off failing vector resolution with the test application time
and storage cost. Short intervals lead to better failing vector
resolution; however, they require alarger number of signatures
for diagnosis. We determine L using a pre-processing step to
estimate the fault detection probability o.

The pre-processing step is motivated by the fact that the use
of intervals is more effective when every interval contains only
one failing vector. The pre-processing for interval-based
diagnosis is performed by a sampling technique. We apply a
small number of vectors N; (typicaly two to three orders of
maghnitude less than the number of BIST vectors) to the faulty
CUT. We set the interval length L to 1 and determine the
number of failing vectors D. The detection probability « is
estimated as D/N, and L is estimated by | 1/20.], which is twice
the average distance between two failing vectors. This estimate
increases the likelihood that failing intervals are separated by
non-failing intervals, which leads to smaller S



3 Analytical Results

In this section, we anadlyze the effectiveness of interval-
based diagnosis. We characterize the failing vector candidate
set Sinterms of L and r. To ensure that we do not count in our
analysis test vectors that belong to two overlapping intervals
twice, we assign the first L-r vectors (1,...,L-r) to the first
interval, the second L-r vectors (L-r+1,...,2(L-r)) to the
second interval, and so on. Thisisillustrated in Figure 4.

Let o be the probability that a faulty CUT is detected by a
vector from the BIST test set. The probability p that an interval
is failing is given by p = 1-(1-a)-. Consider now two
consecutive intervals iy, ;. The function v(1;) is used to denote
the failing/non-failing status of the interval |;. Table 1 lists the
four possible combinations of the status (failing/non-failing) of
the intervals. Note that a 0 (1) in the first two columns of the
table indicates that the interva is non-failing (failing). The
rightmost column gives the contribution of I; to the set S
corresponding to each combination. For example, if v(l;)v(l;)
=01, the contribution is (L-r)-r = L=2r; if v(I;.)v(l;) = 11, the
contribution is L-r. The total contribution of the combinations
due to |; can be obtained by simply adding the entries in the
last column. However, each entry must be weighted with the
corresponding probability measure. Moreover, if N is the
number of BIST test vectors, the number of intervalskis given
by k=[N /(L-r).

Probability of | Contribution
V(ti-a) | V(1) occurren)ée toS
0 0 (1-p? 0
0 1 (1-p)p L-2r
1 0 (1-p)p 0
1 1 p? L-r

Table 1. Contribution of intervals to the failing vector set.

The weighted sum leads to the following expression of | S|,
the size of the candidate failing vector set:

0= K(1-p) p(L—2r) + p*(L-T) ] = Np[1-(1-p)/(L/r-1)].
Note that here we ignore the first and the last interval. These
boundary cases can be omitted because the BIST length N is
much greater than the interval length L. Since 1-p>0 and we
assume that a vector belongs to at most two intervals, the
above equation shows that | S| decreases as r isincreased from
1 to L/2. This justifies the choice of r =L/2, and the value of
| Sl for r=L/2is Np?l.

Figure 5 plots the size of Sasafunction of L for r=L/2 and
various values of a. As expected, we find that for a given
circuit characterized by a certain value of «, using smaller
interval length L results in smaller | S| and thus leads to better
resolution. However, more MISR signatures are produced with
smaler L; as a result both storage and diagnosis time are
increased. On the other hand, for a given interval length L,
better resolution can be obtained with smaller detection
probability a. An appropriate value of L should be therefore
chosen to balance resolution with storage cost and diagnosis
time.

If the failing vector set determined for a specific interva
length L is not satisfactory in either resolution or diagnosis
time, a different L can be chosen and the BIST sessions run
again. This procedure can be made more efficient by
investigating the rate of increase dS of the candidate set size
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Figure 5. Size of failing candidate failing vector set
| S| versusinterval length L.

ds
450

400}
350]
300}
250]
200}
150
100}
50/

pl=="

100 120

Figure 6. The rate of increase dS of size of the
candidate failing vector set | S| versusinterval length L.
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Figure 7. Pruning procedure on failing intervalsfor r =L/2.

|S| with L, i.e dS = aSloL = 2Np(@ploL) = -2Np(1-
p)log(1—w). Figure 6 plots dSversus interval length L. If better
resolution is preferred, L should be chosen near the peak (area
A) of the dS curve such that as L varies, | S| decreases at the
highest rate. On the other hand, if shorter diagnosis time is
required, L should be chosen near area B such that the
variation of L will not result in sharp deterioration in resolution.

Note that for r = L/2, every vector appears in exactly two
intervals (except the L/2 vectorsin the first interval and the L/2
vectors in the last interval). If the boundary case is omitted, a
failing vector adways leads to two consecutive failing intervals.
This observation can be used to prune S as follows. Let Fl,,
Fl,,..., Fl,, be the sequence of failing intervals where, for any j
>i, vectorsin Fl; are applied before those in FI;. The candidate
falling wvector set can be obtaned a S =
FLO(FILNFL)O(FI,NF,) O(Flpm1NFl)OFl g, This
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Figure 8. Graph model for the failing vectorsin Figure 7.

assumes that Fl, isthe first and Fl,, is the last interval applied
to the CUT. If thisis not the case, they each contributes only
L/2 vectors to S and the above equation for S must be slightly
modified. Figure 7 illustrates this pruning procedure for m=5,
where| S| = L+L+L/2 =5L/2.

Next we note that if a hard-to-detect fault is detected by
only one vector, | S| = L/2. In general, if the number of true
failing vectors is f ( f >1), an upper bound on | S|is given by
ISl < fL+L/2. This bound is reached if al the intervals are
consecutive failing intervals and the spacing between two
consecutive failing vectorsis greater than L/2.

Finally, we present a graph-theoretic model that can be
used to further analyze the interval-based diagnosis. In
particular, it can be used to determine a lower bound LB on the
number of true failing vectors. Consider an undirected graph G
in which every failing interval corresponds to a vertex, and
there exists an edge between two vertices if and only if the
corresponding intervals overlap. Let the tota number of
componentsin G bet and let v; be the number of vorticesin the
jth component of G, 1 <i <t. It isclear from the definition of G
that every component in it is simply a path. A lower bound is

given by: LB = X!,|(vi +1)/2] , Consider the failing

vectors in Figure 7 as illustrated in Figure 8, this corresponds
tot=2,v;=2andv, =3, hence LB=3.

The knowledge of the upper and lower bounds is useful to
evaluate the procedure for determining failing vectors. The
lower bound on the number of true failing vectors provides an
important baseline for refining the failing vector identification
procedure.

4 Experimental Results

In this section, we present simulation results for the larger
ISCAS89 benchmark circuits. We inject a single random fault
in each case and use a BIST test sequence of 10,000 patterns.
The test patterns are randomly generated and fault simulation
is performed using the FSIM program [16]. Although we limit
our experiments to single stuck-at fault, the proposed interval-
based diagnosis can be easily used for other fault models.

The results are presented in Table 2. While we validated
our approach for a large number of faults, we report results
here for three faults with different values of a for each circuit.
The number of intermediate signatures varied from 40 to 1250.
The number of true failing vectors (out of the 10,000 applied
to the CUT) is shown in Column 2. Columns 3, 4, and 5
present results of failing vector identification without pruning
for interval length L = [ 1/2a] and overlap r = L/2. Column 3
gives the number of suspect vectors | S|. Columns 4 and 5 list
lower bounds on the number of true failing vectors LB and the
number of failing intervals, respectively. Note that the former
provides a close estimate for the number of true failing vectors,
while the later is near twice of this number, which corresponds
to r =L/2. In Column 6 the interval length L is decreased to
LV4ol; as a result the number of suspect vectors is now
reduced to amost half of that in Column 3. Note that without

any pruning agorithm, al the true failing vectors out of the
10,000 BIST patterns are included in the candidate set. This
feature can greatly facilitate the hardware diagnosis procedures
that are employed during failure analysis.

After the candidate failing vectors are identified, we apply a
pruning-based post-processing step to reduce the number of
candidates. We consider two pruning procedures, which are
facilitated by our choice of interval-length—every interval is
expected to contain only afew failing vectors.

In the first pruning procedure I, we assume that a failing
interval contains exactly one failing vector. We then use a
simple binary search procedure with a pre-defined searching
depth to determine the subset of the failing interval that
contains the failing vector. This procedure leads to a
significant reduction on the size of S. A drawback however is
that a small number of failing vectors are not included in S.
Nevertheless, as shown in Column 7 and 8 of Table 2, this
number is quite small in all cases.

In the second pruning procedure I1, we assume that a failing
interval contains at most two failing intervals. We now
augment Procedure | to continue the search on both branches
of the root node at each step during binary search. Once again,
the search is restricted to a pre-defined depth. An advantage of
Il over | isthat fewer true failing vectors are dropped from S;
see Columns 9 and 10 of Table 2. The drawback is that more
post-processing and intermediate signatures are now necessary.
Alternative post-processing pruning procedures can also be
employed to reduce the candidate set S provided by the
interval-based scan-BIST scheme [8]. Even smaller candidate
sets of failing vectors (with no loss of information) can be
obtained using additional information from the interva
signatures, beyond the simple pass/fail interval status that we
have used for our experiments.

A direct comparison with related prior work [13] is difficult
since we are using different test vector sets in this work.
Moreover, the goa of [13] was to obtain a small (incomplete)
set of true failing vectors. Here, the primary objective is to
retain all faling vectors in the candidate set. A secondary
objective isto make the candidate set as small as possible.

5 Conclusion

We have presented a new scan-BIST diagnosis technique
for the identification of failing vectors. This technique is based
on the concept of overlapping intervals of test vectors within a
BIST sequence. The scan-BIST architecture allows us to
collect interval signatures without the need for multiple
sessions. This is made possible through the use of two MISRs
working in an interleaved fashion. We have presented a tight
lower bound on the number of true failing vectors. This lower
bound is directly obtained from the pass/fail status of the
intervals; no additional information is necessary. Experimental
results for the ISCAS 89 benchmark circuits show that the
basic interval-based scan-BIST method can reduce the size of
the candidate failing vectors set S significantly, and all failing
vectors are included in S These results also show that the
lower bound on the number of true failing vectors is amost
equal to haf of the number of faling intervals. Finaly, we
have presented results for two simple pruning methods that
lead to much smaller candidate sets that include almost all the
true failing vectors.



True r =L/2, without pruning L =[1/2a], r =L/2, with pruning
failing L=[1/2a] L =[1/4a]| Pruning procedurel | Pruning procedure 11
_|vectors INITTNG of Lower No. of No. of No. of No. of No. of
Circuit) 10,000 | gigpect |boundLB| No.of | suspect |truefailing| suspect |truefailing| suspect
BIST | f4ling |onfailing| faling | failing | vectors | faling | vectors | failing
VeCtors W ectors| S| vectors | intervals |vectors| SI| included |vectors| S|| included |vectors] S|
inS inS
9 1250 5 9 875 8 20 8 20
S9234 36 1900 28 57 850 32 171 33 156
47 2200 40 73 1200 41 140 46 137
22 2700 19 38 1178 22 208 22 204
S13207 92 2500 80 148 1152 77 350 85 299
138 2538 116 217 1269 108 641 126 570
49 2400 38 70 1300 41 157 45 135
S15850 68 2625 56 106 1314 62 344 67 282
94 2275 78 147 1152 80 289 87 271
45 2300 35 60 1125 37 157 41 131
S38417 89 2425 82 153 1080 80 319 84 265
109 2507 79 153 1344 82 369 95 342
90 2225 75 141 1116 76 292 86 263
S38584 132 2346 111 209 1233 103 618 111 555
148 2635 121 229 1413 113 687 135 618
293 2288 245 462 1188 273 1148 293 1104
S35932 270 2358 236 450 1112 259 1184 270 1036
293 2456 260 483 1256 282 1232 293 1132
Table 2. Experimental results on failing vector identification using interval-based scan-BIST.
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