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Abstract and a compact response analyzer for compressing the out-
put response of the system under test. The main goal of this
We propose a novel BIST techniquefor non-scan sequen- paper is to focus on the former issue while proposing an
tial circuits which does not modify the circuit under test. It efficient BIST TPG for synchronous sequential circuits.
usesa learning algorithmto build a hardware test sequence Several solutions exist to generate test patterns during
generator capable of reproducing the essential features of a BIST of sequential circuits. One solution involves syn-
set of precomputed deterministic test sequences. e use for thesizing a Finite State Machine (FSM) starting from its
this purpose two new models called Hidden Markov Model! state transition diagram derived from the desired output se-
with Patterns and Independence Mode! with Patterns. Com- quence. The main applicability drawback of this approach
pared to existing methods, the proposed technique exhibits lies in the limitations of current logic synthesis tools, that
a very high fault coverage, including performance testing, fail to fully optimize FSMs with more than some hundreds
at the expense of a low silicon area overhead. of states [4]. Another solution consists of adopting a deter-

ministic TPG that autonomously generates a predetermined
test sequence calculated from a sequential ATPG tool. In
1. Introduction [8], such a deterministic BIST approach is presented, in
which the TPG is composed of a sequence generator (e.g.
With the ever increasing complexity and density of & ROM that stores the compressed deterministic test se-

present day integrated circuits, testing costs have becomélUence) and a decoder circuit. Although this approach pro-
a significant part of overall chip costs. The Built-In Self Vvides high fault coverage with short test application time,

Test (BIST) has been proposed as a powerful techniquethe area overhead penalty Iimi'ts its applicability t_o circgits
[1]. BIST design includes on-chip circuitry to provide test Ccontaining a large number of flip-flops and few primary in-
patterns and analyze output response. It performs the tesPUts-

within the chip so that the need for complex external test-  In fact, test pattern generation during a BIST session tra-
ing equipment is greatly reduced. Many traditional testing ditionally relies on pseudo-random generators, either uni-
problems €.g., low accessibility of internal nodes) are over- form or weighted, based on Linear Feedback Shift Registers
come by using BIST. (LFSRs) or Cellular Automata (CA) [1]. In [9], a parame-

A large number of techniques for BIST have been de- terized TPG structure composed of comparison units driven
veloped for combinational and full-scan sequential circuits Py @ k-bit counter is used to produce pseudo-random pat-
[12, 11, 13]. However, these techniques are not directly ap- terns in which selected bit values are fixe@atr 1 for sev-
plicable to non-scan sequential circuits. BIST techniques €ral time units. However, this technique does not always
are introduced for synchronous sequential circuits becauseyield the same fault coverage as deterministic sequences
many performance-driven circuits and embedded-core sys-and requires excessively high test application times [8]. In
tems do not use full-scan design strategies. These strategiel], an original BIST architecture for FSMs that exploits
require heavy circuit transformations (all or most flip-flops CA as both pattern generator and signature analyzer is pro-
have to be transformed into multi-function cells), thus in- Posed. To the authors’ knowledge, this approach is the most
volving significant performance degradation and preventing efficient solution proposed so far with respect to fault cov-
at-speed testing of the circuit under normal operation con- €rage and area overhead.
ditions. In this paper, we present a hovel biased pseudo-random

BIST requires both a compact Test Pattern GeneratorBIST technique for test pattern generation in non-scan se-
(TPG) for generating an effective sequence of test patterns,quential circuits. The key idea in this technique is to use a



set of deterministic test pattern sequences provided by a seable on the flip-flops of the circuit. The pattern associated
guential ATPG program to build up a biased pseudo-randomwith the states is denoted aps;. One or several transi-
process capable of reproducing some essential features ofions, labeled by their probability of being run over, start
these ATPG test sequences. The main advantage of this apfrom each state and link it to other states. States and tran-
proach with respect to the area cost of the TPG is that it is sitions define thetructure of the HMMP. The set of states
not necessary to implement the complete set of determinis-is denoted a$ and P(s — t) is the transition probability
tic test sequences but only a subset of rules to which thesefrom states to statet. Two HMMP states are special: the
test sequences comply. These rules are expressed as testart and theend. Thestart is used to initiate a new test se-
patterns that appear several times or as basic pattern serieguence. Thend indicates the end of the sequences. Both
that are often used in ATPG sequences. Thus the proposedtates are the only ones with no associated pattern. Figure
method generates sequences similar (or even identical) tol.(a) represents an example of HMMP with five states and
those of the ATPG. We shall see (Section 6) that, at the seven transitions.
expense of larger but reasonable test sequence sets, such a
process effectively generates sequences with high fault cov-2.2. Test sequence generation
erage.

We defined two classes of stochastic processes in order The procedure consists in beginning on titert state,
to set up this biased pseudo-random process. The first one isunning over the transitions and generating a test vector for
calledHidden Markov Model with Patterns (HMMP) and is each state encountered by using the pattern associated with
close to the classicaflidden Markov Model (HMM) intro- that state. The test vectors generated by a given pattern are
duced by Baunet al. in 1960-70 [2]. It offers the advantage  consistent with this pattern and, moreover, theas equal
of partially representing the pattern order in a test sequenceprobability of generating @ and al. For example, the pat-
while being simple enough to allow efficient hardware im- tern* 1* generates with probability/4 each of the 4 vec-
plementation. The second is a simplification of the first one tors010,011, 110 and111. Once the test vector has been
and is calledndependence Model with Patterns (IMP). It generated, we choose (according to the associated probabil-
is less “expressive” than HMMP since it cannot represent jties) one of the transitions starting from the current state,
the pattern order in the sequences, but surprisingly it alsoand then go to the targeted state. This procedure is contin-
achieves high fault coverage for several circuits and has theued until theend is reached. A sequence of test vectors has
advantage of being implementable using less area overheadhen been generated, and another sequence can eventually
The construction of an HMMP or IMP capable of mimick- be generated by going onto tle&rt again.
ing the features of sequential ATPG test sequences is carried
out by a learning algorithm. 2.3. Sequence gener ation probability

The rest of the paper is organized as follows. In the next
section, we present the features and properties of HMMPs.  patternp is said to becompatible with patternp, if its

In Section 3, we explain how HMMP can be simplified into  fixed bits (those with valu@ or 1) have the same value or
IMP and the main differences between both models. In Sec-the value* in p,. For examplep = 11* is compatible

tion 4, we describe the learning algorithm used to build up with p, = 1*0, while p = 11* is not compatible with
either an HMMP or an IMP from ATPG sequences. The ;,_ — 100. The probability is zero for the stateo generate
complete hardware structures for both models are presented patterrp which is not compatible withy,. The generation
in Section 5. Experiments performed on ISCAS benchmark probability by a states of a patternp compatible withp

circuits are presented and discussed in Section 6. Concluddepends on the number of bits which are fixeg but have

ing remarks are given in Section 7. the value* in p,. Let2 denote this number. For example,
if p, = 1*** andp = 10** thenx) = 1. Since*
2. HMMP has equiprobability of generatingeor al, the probability
of generating the patterm on the states is given by the
2.1. Presentation formula:
. . . . 1 *ps
A Hidden Markov Model with Patterns is defined by P(pls) = | 5 : @)

its structure that is made up o$tates andtransitions, and

by probability distributions over the transitions; moreover, For example, ifp = 1*01* andp, = 1*010, then
each state is labeled bypattern. A pattern is a vector of  P(p|s) = 1. On the other hand, ip = 1*010* and
lengthk that belongs td0,1,* }*. k is the size of the test  p, = ***10*, thenP(p|s) = L.

vectors,.e. the number of Pls of the CUT plus some even- Letz = pipo...p be a sequence of patterns. A com-
tual bits that control the eventual set and/or reset lines avail-mon method for computing the generation probability:of



(a) HMMP

s1:30/174 (***0)  (0**01) s, : 20/174
531 94/174 (Cend ) 30/174

(b) IMP

Figure 1. An example of HMMP (a) and IMP (b). Each state is labeled by its name and its associated pattern; HMMP transitions
are labelled by their probability of being run over while the states of the IMP are labeled bg théri probability.

by an HMMP H is to make tha/iterbi assumption [7] that

the following formula:

x can only be generated by a unique path (or sequence of

states) througli/ . In other words, all paths except the most
likely are assumed to have a negligible (or null) probability
of generating. This path is called th¥iterbi path of . For

example, let us consider the following set of 3 sequences:

Sequencel Sequence?2 Sequence3
****0 ****0 ****0
1*001 1*001 1*001
0*101 0*101 0*001
10*01 11*01 1*001
0**01

The Viterbi path of the first sequence in the HMMP of Fig-
ure 1.(a) isstart — s; — s5 — s3 — S2 — s3 — end. Moreover,

P(X|H) = |X|' [] P(=|H).
zeX

(2)

3. IMPs

IMPs are defined from HMMPs by stating that the prob-
ability of running over a state does not depend on the actual
state but only on ama priori probability associated with the
state. In other words, we do not define transition probabili-
ties between states but only a set$ffa priori probabilities
associated with each state. Taeriori probability asso-
ciated with the state is denotedP(s). Thestart state is
only used to begin a sequence and has no associateoti

this is the only path that can generate this sequence and th@robability. Figure 1.(b) represents an IMP with five states.

Viterbi assumption holds in this case.
Let Ve = vy, - vy, (With v, = start andv,,,
end) be the Viterbi path of the sequenge = p; ---p;.

Then, under the Viterbi assumption, the generation prob-

ability of x by H is:

l
P(z|H) = P(vp, = vp,) HP(pi|”pi)P(”pi = Up1a)-

i=1

For Sequence 1 above, we havB{start — s1) = 1,
P(p1|81) =1, P(81 — 82) =1, P(p2|82) =1, P(SQ —
83) = 31/95, P(p3|83) = ]./2, P(Sg — 82) = 27/37,
P(p4|s2) = 1/2, P(sy — s3) = 31/95, P(ps|ss) = 1,
P(s3 — end) = 4/37. It follows that the probability for
the HMMP in Figure 1.(a) of generating this sequence is:
31/95 x 1/2 x 27/37 x 1/2 x 31/95 x 4/37 ~ 0.002.

Let X be a set of sequences aWid= {V,,z € X} be
the set of Viterbi paths associated with the sequencés. of
The probabilityP (X |H) of generating, with X| trials, the

The procedure for generating a test sequence with an
IMP is similar to that used for HMMPs and consists of: be-
ginning on thestart state, runing over the states according
to theira priori probability and generating a test vector for
each encountered state until thed is reached.

As for HMMPs, for a given IMPH, we can associate
with a sequence of patterass= p1p- . . . p; the Viterbi path
Vi = vpy -+ py,, (With vy, = start andv,,,, = end)
of z in H. Under the Viterbi assumption, the generation
probability ofz by H is

l
P(z|H) = (H P(Up,-)P(pilvpi)> P(vp,,,)-

For example, the Viterbi path of Sequence 1 of Section 2.3
in the IMP of Figure 1.(b) istart — s; — s3 — s — S3 —
so—end and its generation probability 8) /174 x 94 /174 x
20/174x1/2x94/174x 1/2x20/174x 30/174 ~ 2.8 -
1075,

For a set of sequencé$ and a given IMPH, P(X|H)

setX usingH, is obtained (under the same assumption) by is also defined by Formula (2).



4. LearningHMMP or IMP with each states its patternp, and the number of times
ng this pattern is used in ATPG sequences. We create the

Our aim is to build an HMMP or an IMP that gener- start andend states and associate with the latter the num-
ates sequences as similar as possible to those of the ATPGher of times itis used,e. the number of sequences provided
We thus use a very classical principle in Statistical Mod- by the ATPG. Letn;.; be the total number of patterns in
eling and Machine Learning. We consider that the higher ATPG sequences. Then according to the maximum likeli-
the probability that an HMMP/IMP generates the ATPG se- hood principle, the values of tleepriori probabilities asso-
guences, the moractually generated sequences are similar ciated with the states df, are estimated using the formula:

to these sequences, and then the higher their fault coverage. n

We designed a learning algorithm based on this principle P(s) = . 4)
and on the state merging method which is a natural and ef- Mttotal
ficient way to learn automata and HMMs [10]. The IMP H, of Figure 2 is the initial IMP obtained from

The main algorithm of the learning procedure is the same the sequence set of Section 2.3.
for both HMMPs and IMPs. It involves building a large ini-
tial model that represents ATPG sequences and then com4 3, State mergingin HMM Ps
pressing this model by iteratively merging "similar” states,

until a sufficiently small HMMP/IMP is obtained. Sections  \yhen two states have been selected (the criterion used is
4.1 and 4.2 describe the initial model building procedure gegcribed in Section 4.5), they are merged in a very natural
while Sections 4.3 and 4.4 describe the state merging Pro-way. See for example the grey statesnd s’ of Hy in
cedure. Section 4.5 describes the criterion used to select thq:igure 2.5 ands' are deleted and replaced by a new state
state pair to be merged. Figure 2 details the steps of the al- in g, Thein (t — s andt' — s') andout (s — end

gorithm when applied to the 3 sequences of Section 2.3 for 5,4/ _s end) transitions to and from the deleted states

both HMMPs and IMPs. are connected to the new state, then the resulting potential
- L double transitionsi{ — end) are also merged.
4.1 Building theinitial HMMP As the HMMP structure is modified, its parameters have

- to be updated. We assume (as usual [10]) that Viterbi paths

The initial HMMP H, accurately represents the se- 5.0 ot altered by merging, and that the new Viterbi paths
quences fronX” and is obtained by building tharefixtree 51 inferred from the previous ones by replacingnd s’

of X. A prefix tree is a tree for which the common prefixes by u. This assumption provides an efficicent way to update

are not repeated but represented by a unique path. The roofe parameters. IH; (Figure 2) we haven, = n, + ny
. w — 8§ S

of the tree is thetart state and each path fromthis state to |, — ., — | andn. end = Neend +

the leaves describes a sequencg’of ng _end. Finally, probabilities attached to the updated tran-
Next, we attach to each statats patterrp; and the pa-  gjtions are computed using Formula (3). Note that only pa-
rameter values associated with the Viterbi paths. flg, rameters associated with the new state and its adjacent tran-

Viterpi pa'Fhs are nqturally described by the sequences andsitions need to be updated; the merging has no effect on
the Viterbi assumption holds. Therefore, is equal to the 5 qiher states and transitions. This fact provides the ba-

number of Ieavgs of the sub-tree with rogtand, in the sis for an efficient implementation of the learning algorithm
same wayy s, is equal to the number of leaves of the sub- yaqcribed in [3].

tree with roott.

According to the maximum likelihood principle, the val- ¥ | 1 0 * *
ues of probabilities associated wiHy, transitions are esti- 11 * 1 *
mated using the formula: o|* 0 0 *
* 1 0 * *
P(s = t) = % ©) ¥l ¥ ¥ %

Finally, we create thend state to which every leaf is Table 1. Response table of the bit merging operator.

linked with transition probability 1. The HMMP , of Fig-
ure 2 is the initial HMMP obtained from the sequence setof ~ The pattern associated with the new state is computed by

Section 2.3. merging bit after bit the patterns attached to both previous
states. Lety denote the bit merging operator. The character
4.2, Building theinitial IMP * means that the value of the bit is not important. Therefore,

~(*,0) = 0 and~(*,1) = 1. But two patterns are not
The initial IMP is obtained by creating one state for each always compatible. In this case, some of their bits differ
different pattern of ATPG sequences. Then we associateand the merged pattern must generate Badihdl on these



Hy H; H> Hs

Figure 2. Structure compression achieved by state mergings for HMMPs and IMPs. The HMMPs/IMPs are obtained by merging
the grey states. Each state is labelechbyFor HMMPs, each transition — ¢ is labeled byns,: andP(s — t) = ns—+/ns (Cf.
Formula (3)). For IMPSP(s) = ns/niota (C.f. Formula (4)) withniorer = 16.

bits. These bits take the valtiein the merged pattern and process) many pairs agree with this criterion. Then among
are marked to retain that this results from the merging  these pairs we choose that for which pattern merging in-
of a0 and al. Let* denote the marketl. During further volves fixing the lowest number of bits. The number of bits
steps of the learning algorithm, this information is needed to fixed by merging the two patternsandp’ is obtained by
avoid setting this bit t® or 1 value. The merging operator the formula:

takes this into account, and we have(0,1) = *, and

after,y(*,0) = *, y(*,1) = * andy(*,*) = *. Table 1 o(p,p) = min(*g(’)m'),*z,(p’p’)). (5)
summarizes the response table oftheperator.

For example, ifp = 1*11* andp’ = *0***, then
v(p,p') = 10*1*; we have*z(p’pl) = 1, *Z,(p’pl) =2

and theny(p, p') = 1. Using Formula (5) has two justifi-
cations. First, at the beginning of the learning procedure,
this avoids fixing bits in the patterns too soon, which would
make further mergings more difficult (in terms of genera-
tion probability). Secondly, we can reasonably assume that
similar patterns quite likely play the same partin sequences.
Such an argument is very classical in Machine Learning.

4.4, Merging in IMPs

The procedure is similar to that employed for HMMPs.
The choosen statesands’ are deleted and replaced by a
new state:. Using the same hypothesis on the conservation
of Viterbi paths, we have,, = ng + ny, p, = 7(ps, Ps')
and thea priori probability of the new state is computed
using Formula (4). Note that parameters associated with
the other states do not have to be updated.

The procedure is the same for both HMMPs and
IMPs. The aim of the learning algorithm is to reduce the After the HMMP or the IMP for a given circuit has been
HMMP/IMP structure while keeping as high as possible the determined and the generated test set meets the fault cover-
probability (given by Formula (2)) of generating the ATPG age requirement, an implementation of the BIST TPG can
sequences. So at each step the algorithm chooses the statee performed. As in any BIST hardware implementation,
pair which, when merged, keeps highest this probability. the main objective is to implement this sequential test gen-
Nevertheless, sometimes (especially at the beginning of theerator with a low area overhead cost.



| n-stage LFSR <1__ clk with probability4/37 x 1 = 4/37. The interconnections

n 1 between DFFs are determined from the transitions in the
v v HMMP representation. For example, three transitions lead
Next State to states, in Figure 1.(a), so three lines are ORed to the
Logic inputs of the corresponding DFED(f f5) in Figure 4.(a).
Next state Probabilities associated with the transitions are discretized

to be as close as possible to the values calculated during

(S —2) DFFs the learning process (discretization of probabilities is car-
Present state ried out through an algorithm which is not described in this
paper for space consideration) and implemented using de-
ML multiplexers, NOR gates and output lines from the LFSR.
S For example, transition; — s; has probabilityt/37 (see
above) and is approximated by the probabilityt (NOR
| cut <1_ output)x1/2 (LFSR output)= 1/8 in the hardware imple-
mentation.
Figure 3. Block diagram of the BIST TPG architecture. The mapping logic ML is designed as follows. Consid-

ering the HMMP example given in Figure 1.(a), three test
patterns{***0, 1* 001 and0* * 01) have to be produced

by ML. As mentioned earlier, unspecified bits ¢r *) are
produced by LFSR outputs and constant valesr(1) are

set by using the present state information. Patterns are im-
plemented through logic synthesis. For example, when test
patternp,, is selected, only the last bit has to be se@at
Other bits remain unspecified. Since this bit position is set
at1 for the two other patterns, only an inverter at the corre-
sponding input of the CUT is needed to implement this test
pattern. Now, if test patterp,, is selected in a subsequent
clock cycle (this depends on the path actually followed in

o first, to implement the weighted transitions of the finite the HMMP), two bits have to be set at a specified value:

Mealy machine; complished by placing two NOR gates with an inverting in-

put on the first and fourth bit positions in ML. The internal
¢ secondly, to produce the don’t care values (dendted structure of the mapping logic for this example shows that
and* in the previous sections) of test patterns at the a small number of gates is needed for the ML implementa-
output of the Mapping Logic ML (the output function  tion. Note that for circuits with bigger Selecting Logic and
of the Mealy machine), the constant part of these test ML blocks, a logic synthesis tool can be used to minimize
patterns being determined by using of the present statethe silicon area of the TPG design.
value.

5.1. HMMP hardwareimplementation

The HMMP is implemented by a Mealy finite state ma-
chine fed by the outputs of a-stage primitive LFSR (see
Figure 3). The state coding in the Mealy machine is a 1-out-
of-n coding,i.e. (S—2) D-type flip-flops are required for an
S state HMMP §tart andend states are not implemented)
and only one DFF is set at 1 at a given time period. Outputs
of the LFSR considered as random inputs are used:

The LFSR, Mealy machine and CUT are supposed to be 9-2- |MP hardwareimplementation
synchronized and use the same clock.

Let us now describe the way to design each block of the  As suspected, and according to the description in Section
BIST architecture from a given HMMP. This can be bet- 3, the hardware implementation of an IMP for a given CUT
ter explained with an example. Let us assume the HMMP will be less expensive than that obtained from an HMMP.
example depicted in Figure 1.(a) and determined according The way to design each block of the BIST architecture from
to the learning process described in the previous section.a given IMP is very similar to that presented for an HMMP.
The corresponding BIST architecture is depicted in Figure In fact, the main difference between the two resulting im-
4.(a). As we said, thetart andend states are not imple-  plementation states is the absence of DFFs in the IMP ar-
mented, so since we want to use our generator in continuouschitecture, which corresponds to the missing transitions in
way, the incoming states to tled are directly linked to  the IMP representation. For this reason, we do not describe
the outgoing states from theart with probability equal to the way to design an IMP BIST architecture. However, for
the product of both probabilities. In our example, the only the reader’s information, we show in Figure 4.(b) the result-
incoming state to thend (s3) is linked to the only outgo-  ing BIST TPG architecture for the IMP example depicted in
ing state from thestart (s1) and this transition is labeled Figure 1.(b).
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Figure 4. BIST architecture.
CuT ATPG LFSR HMMP IMP
Name #Pl #FF #FLength %CovefLength %CovefLength %Cover #State #Edge %GE Tin%Cover %GE Time
s298 3 14 5962472 89.9% | 1000 63.8% | 1000 89.9% 3 6 13.2% 5589.3% 57% 0.01
s344 9 15 670414 97.6% | 1000 93.9% | 1000 97.6% 3 7 18.3% 01397.6% 9.0% 0.02
s$382 3 21 76413930 94.0% | 1000 14.4% | 5000 94.5% 4 9 15.7% 327.289.8% 6.9% 0.02
s386 7 6 772736 90.2% | 1000 50.3% | 2000 89.6% 3 7 11.7% 0687.0% 3.5% 0.03
s420 18 16 9168434 64.8% | 5000 69.4% | 1000 74.3% 3 5 8.2% 17.173.1% 2.9% 0.01
s444 3 21 88815510 91.8% | 1000 13.4% |5000 93.4% 4 11 15.9% 322.888.6% 6.4% 0.01
s526 3 21 10523032 56.8% |1000 10.8% |5000 85.5% 5 14 149% 62.583.8% 5.6% 0.01
sb26n 3 21 105p3706 59.9% | 1000 10.8% | 5000 84.5% 4 9 10.3% 65484.8% 4.3% 0.01
s641 35 19 12781194 88.1% | 2000 87.1% | 2000 88.1% 3 6 10.7% 3788.0% 7.4% 0.07
s713 35 19 14261250 83.9% | 2000 82.9% | 1000 83.9% 4 9 141% 4783.9% 9.3% 0.09
s820 18 5 16404540 96.3% | 1000 39.8% | 28000 84.0% 6 17 18.0% 25.0r2.1% 9.8% 1.12
s832 18 5 16644626 95.3% | 1000 40.4% | 28000 82.3% 6 17 17.7% 24.572.0% 10.0% 1.10
s1196 14 18 239926 99.9% | 10000 96.8% | 1000 98.2% 6 20 15.7%  1.098.0% 8.0% 0.14
s1238 14 18 2476988 96.4% | 5000 90.6% | 1000 93.7% 6 22 155% (0.393.5% 8.6% 0.06
s1423 17 74 28461538 64.3% | 2000 38.4% | 5000 89.2% 6 24  10.0% 22.277.3% 5.8% 0.30
s1488 8 6 29765680 98.6% | 1000 37.3% | 10000 97.2% 7 17  8.2% 9.396.8% 4.8% 0.70
s1494 8 6 29885258 98.1% | 1000 36.8% | 10000 96.8% 7 16 8.2% 2Q0.693.6% 4.7% 0.68
s3330 40 132 6660958 79.5% | 2000 68.3% | 5000 78.2% 8 43  6.9% 628.877.2% 4.1% 15.73
s5378 35 179 105901602 65.0% | 1000 65.0% | 5000 69.6% 4 10 24% 1.472.2% 1.4% 0.39
s13207 62 638 26338018 31.6% | 1000 31.9% | 1000 37.6% 4 7 0.7%  5/837.3% 0.8% 0.06
M ean: 82.1% 52.1% 85.4% 11.8% 82.8% 5.9%

Table 2. Fault coverage achieved by ATPG, LFSR sequences, LFSR+HMMPs and LFSR+IMPs.



6. Experimental results in Section 5 before logic optimization. Finally, the Time
columns indicate the computing time of the learning proce-
The performances of our method have been evaluateddu::eir(s"t1 Sﬁgoggi:)tﬁ;tauziint“'{mﬂl'\l}l55(3 l\l/ll\qélziri roves the
on the ISCAS’'89 benchmark circuits. Tests were carried ' . 9 P

fault coverage achieved by the pseudo-random sequence.

out for every circuit in the following manner. Ten pseudo- . .
random sequences generated with an LFSR using variousNeXt’ we observe ‘h"?‘t this fault coverage is often equal to
seeds were simulated, and that with the highest fault cov- (5344, 5713), sometimes smaller (s820, s832) and some-

erage was retained. Such pseudo-random sequences dél_mes larger (s526, 1423 and general means) th‘.i” the fe_xult
coverage of the ATPG sequences. This result is surpris-

tect numerous (easy) faults at the beginning of the process..n and clearly confirms the validity of our approach. This
Then the frequency of new detected faults decreases, an 9 y . : Y pproach.
demonstrates that it is possible to infer very efficient con-

after a certain time no new faults seem to be d(_Jtectablestruction rules from ATPG sequences. These rules do not
by the sequence. So the length of the pseudo-random se- d '

guences was limited to the efficient beginning part. Next ?huearzztr?igvixr?iah%:ﬁﬁ[r(?ct)l\?gr;f;r\]/ihgzgl:qnjlbis:sqeljjegecejér?gé
we used a sequential ATPG to generate a set of deterministic y 9 Y q
set is large enough. The good results of our method could

test sequences. Sequences detecting only faults already de- . .
tected by the pseudo-random sequence were eliminated, an I.SO be exp_lamed by the fact that for some circuits ATPG
ails to achieve good fault coverage within a reasonable

we ran our learning procedure on the remaining sequences.CPU time £.g. for 513207 the ATPG ran for several days),

Learned HMMPs/IMPs were implemented as described in nd on the other side by the easiness of achieving relativel
Section 5 and used to generate 10 sets of biased sequence%. ! y ' Ieving Vely

The total length of these sequences was chosen in the samgl??hflﬂéggiiii‘;’ foésr%ngzrggcx:i (I—SHE\E/IeI\/:gzmitts ;pbgzglresd
way as for the pseudo-random sequences. Finally, amongt L . ’

. . : at for several circuits IMPs achieve almost as good fault
these biased sequence sets we retained that detecting th(%l)verage while the area overhead is reduced to%bout half
greatest number of faults non-detected by the previously se- ' '

lected pseudo-random sequence. Note that our method Ca@lsv;]rtheles%sz, OfoerEZmIT\!/Ilglsri;!Itiohaacvr:ng :arc]:geh t‘; %?g?;t'l?l
be adapted for all the set(s) and/or reset(s) configurations pth €. ' ) ' eV P u

of memory cells. In our experiments, we considered that a fﬁ\ée;i?zmaﬁ ::/la'\\f;zehea:z;?e?g il;:egvgﬂt%r:?gli:’;%g:_er
global reset is available on each CUT, so ATPG sequences P

Lo age of the pseudo-random sequence in the case of the s991
all begin with such a reset. 2 .

Th it ted in Table 2. After th f circuit (data not shown). The reason is that all the faults
th CS'Ir'eiu S arg repforg n ‘a e} .#PI erthe name”o not detected by the LFSR (but detected by the ATPG) are
#Ie:F dl S rl[umt eirfo l;t)rlrr;?:ry inputs 9 )jd:netmtoﬁ ce tsh combinational faults detected by a great number of single
( df) alr: potentia fatlrj] SA(TPg;’ we provide | etho ? ”eng patterns which cannot be easily merged. However, note that
andtault coverage orthe sequences. In the TollowING i eircuit is the sole for which we encountered such diffi-
columns, we indicate the length of the pseudo-random S€- . lties
guences and the fault coverage achieved by the best among Finally, we can observe that the %GE values decrease

ten. The next columns indicate the resul_ts (_)btalned USING\ hen the size of the CUTS increases for both HMMPs and
HMMPs and IMPs. The Length column indicates the to- . L
IMPs, and become very low for the biggest circuits.

tal length of the sequences generated by both HMMP and
IMP. The %Cover columns indicate the best fault coverage
achieved in the 10 simulationgd the faults detected by HMMP IMP

the best HMMP/IMP sequence set plus those detected by #States| %Best %GE| %Best %GE
the pseudo-random sequence). The #State column indicates 97.2% 8.2%]| 96.8% 4.8%
the number of states for both HMMPs and IMPs, while the 97.1% 7.4%| 95.6% 4.0%
next column indicates the number of non-null transitions of 96.6% 6.6%| 93.5% 3.6%
the HMMPs. %GE columns indicate the ratio of area over- 94.2% 5.0%| 93.1% 2.6%
head used to implement the HMMP/IMP with respect to the
size of the CUT. Both the area overhead and the size of the
CUT were computed in number of Gate Equivalents (GE) as
follows: 0.5n GE is counted for an n-input NAND or NOR
gate0.5(n+ 1) GE for an n-input AND or OR gaté,5 GE Concerning the choice of the number of states, a good
for a NOT gate,1.5 GE for a demultiplexer, and GE for solution is to simulate HMMPs/IMPs with decreasing sizes
a flip-flop. Note that the area overhead includes all com- (as obtained from the learning algorithm) and to select the
ponents in the Selecting Logic and ML boxes depicted in best one according to the size and fault coverage constraints.
Figure 4 and corresponds to the implementation proposedFor example, Table 3 shows the fault coverage and the area

A~ OO N

Table 3. Fault coverage related to the HMMP/IMP size.



overhead related to the number of states for the s1488 cir-
cuit. Strong size constraints will likely lead to choosing an
IMP with 4 states, while the IMP with 7 states will be cho-
sen when more attention is given to the fault coverage.

7. Conclusion

We presented a new BIST technique for the generation of
test sequences in non-scan sequential circuits. Our method

uses a learning algorithm to build a biased pseudo-random[m]

process capable of reproducing the essential features of de-
terministic sequences provided by an ATPG. We proposed

two different models to capture the features of these se- [11]

guences and we showed experimentally that reproducing
these features is enough to achieve high fault coverage. We

also proposed a low cost area overhead implementation for [12]

both models. Our method provides an easy trade off be-
tween hardware overhead and test efficiency. Another im-

portant point is that the results are closely associated with [13]

the efficiency of the ATPG, so our method should benefit
from further development of incoming ATPGs.
Nevertheless, our technique could be improved in sev-
eral ways. First, for some CUTs the fault coverage needs
to be improved. A solution could be to weight ATPG se-
guences with the number of faults they detect and with the
difficulty of these faults. Another improvement could be to
improve the first pseudo-random stage, currently performed
by a simple LFSR, by low cost techniques used for com-
binational circuits in order to first detect the combinational
faults. For example, seeding technique [6] should be ef-
ficient for the s991 circuit. Next, we think that the area
overhead may be significantly reduced by using logic opti-
mization as well as techniques based on fault simulation.
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