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Abstract. We present a new pattern generation approach for deterministic built-in self testing (BIST) of sequential
circuits. Our approach is based on precomputed test sequences, and is especially suited to sequential circuits that
contain a large number of flip-flops but relatively few controllable primary inputs. Such circuits, often encountered
as embedded cores and as filters for digital signal processing, are difficult to test and require long test sequences.
We show that statistical encoding of precomputed test sequences can be combined with low-cost pattern decoding
to provide deterministic BIST with practical levels of overhead. Optimal Huffman codes and near-optimal Comma
codes are especially useful for test set encoding. This approach exploits recent advances in automatic test pattern
generation for sequential circuits and, unlike other BIST schemes, does not require access to a gate-level model
of the circuit under test. It can be easily automated and integrated with design automation tools. Experimental
results for the ISCAS 89 benchmark circuits show that the proposed method provides higher fault coverage than
pseudorandom testing with shorter test application time and low to moderate hardware overhead.

Keywords: BIST, Comma coding, embedded-core testing, Huffman coding, pattern decoding, run-length encod-
ing, sequential circuit testing, statistical encoding

1. Introduction The design of test generator circuits (TGCs) for BIST
has been studied widely and several TGC design tech-
Built-in self testing (BIST) offers an attractive solu- niques have been developed for combinational and
tion to the problem of testing electronic systems [1]. full-scan sequential circuits. A number of design au-
tomation tools are available today for adding BIST
fThis research was supported in part by the National Science.Founda- IOgiC to enhance testability. However, these techniques
tion under Grant no. CCR-9875324, a contract from Delphi Delco . . .
Electronics Systems, and an equipment grant from Sun Microsys- are not O!'rec_“y a}ppllcable tonon-scan a”O,' partlal—scan
tems. A preliminary version of this paper appeare®iac. IEEE sequential circuits. Many performance-driven designs
VLSI Test Symposiymp. 418-423, April 1998. and embedded-core circuits do not use full scan—in
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fact, hundreds of non-scan “legacy cores” exist today in the circuit under test (CUT). This decomposition of
[2]. To test them using known BIST methods requires the TGC is similar to that described in [12] for com-
substantial redesign to “stitch in” scan chains. This can binational and full-scan circuits, with the additional
lead to a considerable increase in the design cycle time,requirement that the order of patternsTip must be
defeating the very purpose of using embedded cores. preserved exactly.

A few design automation techniques for non-scan  Actually, a typical test sefp for sequential cir-
sequential circuit BIST have been proposed recently cuits consists of one or more fixed test subsequences,
[3-6]. These methods are based on pseudorandom teste., Tp ={T1, T2, ..., Tx}. Each T; must be pre-
sequences and do not always yield the same fault cov-served exactly, but is independent fraip, i # j for
erage as deterministic sequences. They also requirei, j €{1,2,...,k}. Therefore,T; and T; may be in-
excessively high test application times. Moreover, they terchanged and additional test vectors may appear be-
require a gate-level circuit model, either for modifying tween them. In the following, to simplify the design
the circuit flip-flops [3, 5], for test-point insertion [4], automation problem and the subsequent analysis, we
or for carrying out extensive fault simulation [5, 6]. assume that test sets consist only of a single fixed
Such gate-level models may not be readily available sequence.
for embedded cores and thus the proposed methods One approach totestsequence encodingistoemploy
cannot be used for these circuits. We present a newfixed-length codes for each test pattern. Let the num-
approach for designing TGCs that apply precomputed ber of unique test patterns in the test setibeEvery
test sets to non-scan and partial scan circuits. Such testpattern can then be encoded with= [log, m] bits.
sets do not disclose substantial proprietary information The sequence generator in this case can be a ROM that
and hence may be easily provided by core vendors. Thestores the encoded test gt However, this approach
precomputed test sets can be obtained from ATPG toolsfrequently does not provide sufficient compaction of
tailored to any specific fault model. Recent advances the test data to make on-chip storage practical. More-
in sequential circuit test generation have led to tech- over, the unstructured nature BIC leads to signifi-
nigues and tools that provide such test sets for single cant overhead for decoding. The problem with this
stuck-line (SSL) faults with high fault coverage [7—11]. encoding scheme is that it does not take into account

A straightforward TGC design for sequential circuit the frequency of occurrence of the various patterns in
testing involves the use of a ROM to store the precom- Tp—significantly more compression is still possible.
puted test sefp. However, this is not considered prac- Our approach to test set encoding is motivated by
tical because of the silicon area required to store the the fact that sequential circuit test sets typically con-
entire test set in a ROM. A more practical alternative tain a large number of repeated patterns. For example,
is to encodelp and store (or generate) only the com- the test set for the s444 ISCAS 89 benchmark circuit
pressed (encoded) test Sgt which can then be de-  [13] obtained from the Gentest ATPG program [7] con-
coded during test application. A generic TGC that tains 1881 patterns, of which only 8 are unique. Such
employs encoding is shown in Fig. 1. The sequence test sets are good candidates for statistical encoding,
generatorSG feeds ak-bit-wide sequence of com-  inwhich variable-length codewords are used to encode
pressed (encoded) patterns to a decoder cibxQithat the test patterns, more frequent patterns being encoded
expands (decodes) these imidoit-wide test patterns,  with fewer bits. We present a deterministic BIST ap-
wheren is the number of controllable primary inputs proach based on statistical encoding that exploits this

Test Generator Circuit TGC

gequence k Decoder n Sgglé'rt
erator ircui
enera WA Circuit /.| Test

Fig. 1. A generic BIST test generator circuit.
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feature of sequential circuit test sets. The proposed ap-Optimal Test Set Encoding: Huffman Codes
proach is especially useful for circuits such as filters,
used in digital signal processing (DSP), that have few An optimal encoding technique minimizes the average
primary inputs but a large number of flip-flops. These length of a codeword. Consider a test $gtcontain-
circuits, which require long test sequences, are typi- ing m unigue patternsy, Xo, ..., Xy with probabil-
cal of embedded cores used in complex DSP designsities of occurrencepy, py, ..., Pm, respectively. The
[14]. A number of ISCAS 89 benchmark circuits also entropy, defined intuitively as the minimum average
belong to this category. Full scan is often not practical number of bits required to represent a pattern, is given
for these circuits because of the relatively large number by H(Tp) = — >, pi log, pi. Therefore, an optimal
of flip-flops; the overhead is substantial and there are encoding technigue is one in which the average num-
few combinational gates to test between scan chains. ber of bits needed to represent a pattern is closest to
The paper is organized as follows. In Section 2, the entropy bound. The Huffman code is provably op-
we discuss statistical encoding and motivate its use timal since it results in the shortest average codeword
for encoding a given precomputed test Sgt In length among all statistical encoding techniques that as-
Section 3, we describe two specific statistical encoding sign a unique binary codeword to each pattern [18, 19].
techniques: optimal Huffman codes and near-optimal Infact, ifl, is the average length of a Huffman-encoded
Comma codes. We also describe run-length encod- pattern inTp, thenH(Tp) < Iy < H(Tp) + 1[18]. In
ing, a technique for compressing an already encoded addition, Huffman codes possess the prefix-free pro-
test set further. For each encoding method, we developperty, i.e., no codeword is the prefix of a longer code-
simple and efficient decoding methods and, as an exam-word. We will show that this property is important for
ple, present the decoder implementations for the s444test sequence decoding [20].
circuit from the ISCAS 89 benchmark set. Section 4  Table 1 illustrates the Huffman code for an example
presents experimental results on test set compressiorntest setlp with four unique patterns out of a total of
and decoder design for the ISCAS 89 circuits. We also eighty. Column 1 of Table 1 lists the four patterns,
compare our approach with a recently-proposed pseu-column 2 lists the corresponding number of occur-
dorandom BIST method for sequential circuits. These rencesf; of each patterrX;, and column 3 lists the
results demonstrate that Huffman, Comma and run- corresponding probability of occurrenge, given by
length coding of test patterns lead to effective encoding fi/|Tp|. Finally, column 4 gives the corresponding
of Tp and practical, deterministic TGCs for sequential Huffman code for each unique pattern. Note that the
circuits. most common patteriX; is encoded with a single 0
bit; that ise(X;) = 0, wheree(X,) is the codeword for
X1. Since no codeword appears as a prefix of a longer
codeword (the prefix-free property), if a sequence of
o ) ) encoded test vectors is treated as a serial bit-stream, de-
Statistical encoding methods exploit the unequal prob- coding can be done as soon as the last bit of a codeword

abilities of occurrence of patterns to minimize the s read. This property is essential since variable-length
average length of a codeword. Short codewords are -ggewords cannot be read from memory as words in
used to represent frequently-occurring patterns while e ysual fashion.

longer words are used for less frequently encountered The Huffman code illustrated in Table 1 can be con-

patterns. Such lossless data compression codes havgyycied by generating a binary tree (Huffman tree) with
been widely employed in digital communication and

in such computer applications as instruction encoding
[15], but not typically in BIST because deterministic
testing is widely assumed to be too costly. Examples of
statistical encoding methods include Huffman coding, Unique ~ Occur-  Probability — Huffman  Comma
Shannon-Fano coding and LempeI-Ziv string encoding patterns rences  of occurrence codeword codeword

2. Statistical Encoding

Table 1 Test set encoding for a simple example test sequence
of 80 test patterns.

[16, 17]. We review Huffman and Comma coding here,  x,: 0000 45 0.5625 0 0
since these seem to be particularly useful for encoding x,. 9101 15 0.1875 10 10
Tp. We also compare 0ptm_1a| Huffman coding to fixed Xs: 1010 15 01875 110 110
length codes, to more precisely analyze the advantages Xa: 1111 5 0.0625 11 1110

of statistical encoding.
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Fig. 2. An example illustrating the construction of the Huffman
code.

edges labeled either 0 or 1 asillustrated in Fig. 2. Each

unique patterrX; of Table 1 is associated with a (leaf)
node of the tree, which initially consists only of these

unmarked nodes. The Huffman coding procedure

iteratively selects two nodas andv; with the lowest

probabilities of occurrence, marks them, and generate

a parent node;; for v; andv;. If these two nodes are

not unique, then the procedure arbitrarily chooses two

nodes with the lowest probabilities. The edges, (vi)

and @ij, v;) are labeled 0 and 1. The 0 and 1 labels

Proof: If all the unique patterns inlp have the
same probability of occurrenge=1/m, the entropy
H(To)=-Y_"", pi log, pi = log, m bits. For equal-
length encodingde = [log, m], and ifm is a power of
2 thenlg = log, m, which equals the entropy bound.
Therefore) =Ig for this case. [ ]

The above theorem can be restated in a more general
form in terms of the structure of the Huffman tree.

Theorem 2.
thenly = lg.

If the Huffman tree is a full binary tree

Proof: A full binary tree withk levels has ® — 1
vertices, out of which'2"1 are leaf vertices. Therefore
if the Huffman tree is a full binary tree witm leaf
vertices, themnm must be a power of 2 and the number

sOf levels must be logm + 1. It follows that every path

from the root to a leaf vertex is then of length Jog.
|

If all unique patterns ifp have the same probability

are chosen arbitrarily, and do not affect the amount of of occurrence anthis a power of 2, then the Huffman

compression [18]. The nods; is assigned a proba-
bility of occurrencep;; = p;i + p;. This process is

tree is indeed a full binary tree; Theorem 2 therefore
implies Theorem 1. Note that Theorem 2 is sufficient

continued until there is only one unmarked node leftin but not necessary fdy to equalle. Figure 3 shows a

the tree.
Each codewora(X;) is obtained by traversing the
path from the root of the Huffman tree to the corre-

Huffman tree for whichy = Ig = 2, even though it is
not a full binary tree.
The practical implication of Theorem 1 is that

sponding leaf node;. The sequence of 0-1 values Huffman encoding will be less useful when the proba-
on the edges of this path provides teeX;). The bilities of all of the unique test patterns are similar.
Huffman coding procedure has a worst case complex- This tends to happen, for instance, when the ratio of the
ity of O(m?log, m), thus the encoding can be done number of flip-flops to the number of primary inputs
in reasonable time. The average number of bits per in the CUT, denotegr in Section 4, is low. Theorem 2
patternly (average length of a codeword) is given by suggests that evenwheiis high, the probability distri-

Iy = >, wi pi, wherew; is the length of the code-  bution of the unique test patterns should be analyzed to
word corresponding to test patteMy. The average

length of a codeword in our example is therefore given

byly =1 x 0.5625+ 2 x 0.1875+ 3 x 0.1875+ 3 x X 1/3

0.0625= 1.68 bits. 1 0
We next compare Huffman coding with equal-length X

coding. Letly (Ig) be the average length of a code- 2

word for Huffman coding (equal-length coding). Since

Huffman coding is optimal, it is clear thht < lg. We X

next show thaty = |g under certain conditions. 3

Theorem 1. If all unique patterns have the same X

probability of occurrence and the number of unique

patterns m is a power 02, then ly = lg. Fig. 3. An example of a non-full binary tree with= I¢.
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determine if statistical encoding is worthwhile. How- For instance, the Huffman tree of Fig. 2 is a skewed
ever, in all cases we analyzed wheravas high, sta-  binary tree with four leaf nodes.

tistical encoding was indeed effective.

Theorem 3. Letp > p2 > --- > pm be the proba-
bilities of occurrence of the m unique patterns ip. T
Let Iy and I be the average length of the codewords

thouah Huff . imal for Huffman and Comma codegespectively. If the
Although Huffman codes provide optimal test set com- |, e o ee for F is skewed thertl— Iy = pm and

pression, they do not always yield the lowest-cost de- iMoo a (e — 1) = O.

coder circuit. Therefore, we also employ a non-optimal

code, namely the Comma code, which often leads t0 prgof.  |f the Huffman tree forTp is skewed then
more efficient decoder circuits. The Comma code, also Iy = Y™ ip + (M — Dpm andlec = Y7, ip;.
prefix-free, derives its name from the fact that it con- Thereforle_,lc o .
tains a terminating symbol, e.g. 0, at the end of each
codeword.

Comma Codes

I = pm. We also know thap; >
P2 > --- Pm. Therefore, 0< p, < 1/m, which im-
plies that limy_. o pm = 0. Hencdc — Iy is vanish-

The Comma encoding procedure first sorts the g1y small for a skewed Huffman tree and the Comma
unique patterns in decreasing order of probability of e is near-optimal. .

occurrence, and encodes the first pattern (i.e., the most
probable pattern) with a 0, the second with & 10, the eyt we derive a necessary and sufficient condition

third with a 110, and so on. The procedure encodes a7, must satisfy in order for its Huffman tree to be
each pattern by addira 1 to the bginning of the previ- skewed.

ous codeword. The codeword for tite unique pattern

Xj is thus given by a sequence(©f- 1) 1s followed by Theorem 4. Letp, > p» > --- > pm be the prob-
a 0. Comma codewords for the unique patterns in the gpjlities of occurrence of the unique patterns ip.T
example test set of Section 2.1 are listed in Column 5 of The Hufiman tree for J is skewed if and only iffor
Table 1. This procedure has complex@(mlog, m) 1 <i < m-— 2, the probabilities of occurrence satisfy
and is simpler than the Huffman encoding procedure. the condition
The Comma code also requires a substantially sim-

pler decodeDC than the Huffman code. Since each . m
Comma codeword is essentially a sequence of 1s fol- P = Z Pk

)

lowed by a zero, the decoder only needs to maintain k=i+2

a count of the number of 1s received befar0 signi-  Proof: We prove sufficiency of the theorem. The ne-

fies the end of a codeword. The 1s count can then be cessity can be proven similarly. Generate the Huffman

mapped to the corresponding test pattern. tree for them patternsXy, Xo, ..., Xm in Tp whose
For a given test sequend® with m unique pat-  probabilities of occurrence satisfy (2). Let the leaf node

terns having probabilities of occurrenge > p; > corresponding to théth pattern bey;. The two leaf

-++ > pm, the average length of a Comma codeword is nodesv,, andvy,_1 corresponding to the patterng,
givenbylc = Y\, ip;. Since the code is non-optimal,  and X,_; with the lowest probabilitiepm and pm_1
lc > ln. However, the Comma code provides near- are first selected, and a parent naggy_1), with the
optimal compression, i.e., lif.o(Ic —In) = O, if probability (pm + pm_1), is generated for them. Now,
Tp satisfies certain properties. These hold for typical p;,_5> p,_», and from (2)pm_3 > ZT:m_l p«. Thus,
test sequences that have a large number of repeatech,, ; > p,_1 + pm. Therefore, the leaf noden_»
patterns. We first present the condition under which gnd Umm-1, are now the two nodes with the lowest
Comma codes are near-optimal and then the property probabilities, and a paremfym-1m-2 with probabil-

of Tp r_equired to sa_ltisfy the condition. _ ity (Pm + Pm_1 + Pm_2) iS generated for them.

A binary tree with leaf nodeXy, Xo, ..., X is Similarly, a parenivmm_1,..i is generated for nodes
skewedf the distanced; of X; from the root is given vi andumm-1)-(+1),1 € {(M—3)---1}. The process
by terminates when the roof,m-1)...1 is generated for leaf

] . nodev; andvmm-1)..2. The distancel; of v; to the root
A ie{l,2,....m-1) ) is therefore 1. Similarlgi =i,i € {2,3,...,m—1}.
! m—1, otherwise Leaf nodew, andvy,_; are equidistant from the root,
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since they share a common parefm-1), thusdy
m— 1. Therefored; satisfies (1) for € {1, 2, ..., m},
and the Huffman tree is skewed. [ ]

We next determine the relationship betwé¢&s| and
m, the number of unique patterns in the test set when
the Huffman tree is skewed. We show th&| must
be exponential im for the Huffman tree to be skewed.
This property is often satisfied by deterministic test sets
for sequential circuits with a large number of flip-flops
but few primary inputs.

Theorem 5. Let|Tp| and m be the total number of
patterns and the number of unique patterns i) fles-
pectively. If the Huffman tree forplis skewed then
ITo] = w(1.62™), where w denotes an asymptotic
lower bound in the sense that(rh) = w(g(m)) im-
plieslimp_ oo T =

gm —

Proof: Let f; > f, > ... > f, be the num-
bers of occurrence of the unique patternggn Then
ITol=Y_", fi. We know thatfn ;> fn,>1, and
fn_2> fm>1.From (2),fn_3> fr_1+ fm > 2. Sim-
ilarly, fn_4>3 and fy,_5>5. The lower bounds on
fm_1, ..., f1 thus form the Fibonacu series 1, 2,
3,5,. therefore [Tol>1+ Y, lg, wheres is
the |th F|bonaCC| term, given bys =1 (¢'+1
o, where¢—1(1+f) 5) and = 3(1 - JE) [21].
Now, |Tp| > Sm—1 = ﬁ(¢m gbm) For everm,

1
Ti —(1.62" — 0.62"
ITo| > JS( )

1
= —(1.62—0.62)(1.62"1
\/3( ) (

+1.62"20.62+- - ),

fromwhich it follows thai Tp| = @ (1.62™). The proof
for oddm is similar. n

Comma codes, being non-optimal, do not always

yield better compression than equal-length codes. The

following theorem establishes a sufficient condition

under which Comma codes perform worse than equal-

length codes.

Theorem 6. Let p > p2 > --- > pny be the prob-
abilities of occurrence of the unique patterns ip.T
If Pm > ng(orﬁz’p then & > Ig, where k (Ig) is the

average codeword length for Comnéaqual-length

coding.

Proof: We know thatg = [log, m] andlc = p1 +
2p2+~~+mpn. Sincepy > p2 > -+ > Pm, lc >
P(L+2+4--- 4 m) = $Pmm(m -+ 1). Thuslc > Ig

if 5 PmmM(mM+ 1) > [log, m], from which the theorem
foIIows ]

For example, in the test set for s35932 ob-
tained using Gentestn=86 and p,, =0.012, while
2[log, m]/86(87) =0.0019. Hence, Comma coding
performs worse than equal-length coding for this
test set.

Note that Theorem 6 not provide a necessary con-
dition for whichlc > Ig. In fact, it is easy to con-
struct data sets for whicly > Ig even thoughp, <
Znﬂ'("n?irf; The following theorem provides a tighter con-
dition under which Comma codes perform worse than
equal-length codes.

Theorem 7. Letp > p2 > --- > pm be the proba-
bilities of occurrence of the unique patterns ip,Tand
letlc(Ig) be the average codeword length for Comma
coding (equal-length coding Let« mini{%},
1<i<m-1 Thenk > Igif

(o — 1)?log, mT
o™l —g(m+1)+m

Pm > 3)

Proof: We first note thatpi > apiy1 > o?pij2 >
->a™py, 1<i <m. Sincelc = Y, ip;, it

follows thatlc > o™ 1py + 2¢™ 2 pm + 3™ 3pm +
-+ 4+ (M — Dapm + mpy. Let E be defined as

E :am—lpm+2am—2pm+3am—3pm+.”

+ (M — Dapm + Mpn, (4)
such thatc > E. From (4), we get
aE = a"Pm 4+ 20" Py + 3™ 2 pp + -
+ (M — D)o p 4 MaePrn, (5)
From (4) and (5), we obtain

(@—DE =a"pm+a™  pm+ -+ apm—

=
= Pm — Mpy
a—1

M
(6)

Now, if E > lg, i.e. E > [log,m], then pn

(@—1)2 flog, m]
T Mt D and the theorem follows.

v

If m > 1 then (3) can be simplified tgm
(@_1logml | addition, if min{ pﬂl} exceeds 2, i.e.

o™l _ma—-1)"

=
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Table 2 Huffman and Comma code words for the patterns in lc — Iy = pm from Theorem 3, is extremely small in

the test set of s444. practice. For the s444 test sgi, = 0.0005 |y =

Test Occur-  Probability of ~ Huffman ~ Comma 1.2121, and therefork; = 1.2126, and the compres-
pattern  rences  occurrence  codeword  codeword  gjon loss is only one bit. Therefore, both Huffman and
000 1631 0.8671 0 0 Comma codes can efficiently encode sequential circuit
010 139 0.0738 10 10 test sets.

001 93 0.0494 110 110

011 7 0.0037 1110 1110 3. TGC Design

110 5 0.0026 11110 11110

101 3 0.0015 111110 111110 In this section, we illustrate our methods for construct-
111 2 0.0011 1111110 1111110 ing TGCs employing statistical encoding of precom-
100 1 0.0005 1111111 11111110 puted test sequences. We illustrate the steps involved

in encoding and decoding with the test set for the s444
benchmark circuit as an example.

every data pattern occurs twice as often the next most- )
frequent data pattern, then we can replacky 2 in Huffman Coding
(3) to obtain the following simpler sufficient condition

under which Comma codes perform worse than equal- The first step in the encoding process is to identify the
length codes. unique patterns in the test set. A codeword is then

developed for each unique pattern using the Huffman
code construction method outlined in Section 2. The
Huffman tree used to construct codewords for the pat-
terns of s444 is shown in Fig. 4. The unique test pat-
terns and the corresponding codewords for s444 are
listed in Table 2. The original (unencoded) testEgt
which contains 1881 test patterns of 3 bits each, re-
quires 188k 3 = 5643 bhits of memory for storage. On
However, the skewing probability distribution prop- the other hand, the encoded testkehas only 1.2121
erty of Theorem 4 appears to be easy to satisfy in most bits per codeword, and hence requires only 2280 bits
cases. The probabilities of occurrence of patterns for a of memory. Therefore, Huffman encoding Tf leads
typical case (the s444 test set) are shown in Table 2 in to 59.59% saving in storage, while both the order as
Section 3. The decrease in compression resulting from well as the contiguity of test patterns are preserved.
the use of Comma codes, instead of optimal (Huffman)  Once the encoded test skt is determined by ap-
codes to compress such test sets, which is given by plying the Huffman encoding procedure 1, it is

Corollary 1. Let pjp> p2> --- > pm be the proba-
bilities of occurence of the unique patterns ig,and
letlc (Ig) be the average codeword length for Comma
coding (equal-length coding If o = mini{%} >2

|
and pn>%,thenlc > lg.

X
5 0.0010

X1 0.0005

Fig. 4. Huffman tree for the test set of s444.
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Clock Test/Normal |
Clock
to CUT

Fig. 5. lllustration of the proposed test application technique.

stored on-chip and read out one bit at a time during
test application. The sequence gener&amof Fig. 1

is therefore a ROM that storélg. The test patterns
in Tp can be obtained by decodifig using a simple
finite-state machine (FSM) [20]. Table-lookup based
methods that are typically used for software implemen-
tations of Huffman decoding are inefficient for on-chip,
hardware-implemented decoding.

The decodebC is therefore a sequential circuit, un-
like for combinational and full-scan circuits where a
combinational decoder can be used [12, 22]. Figure 5
outlines the proposed test application scheme. We ex-
ploit the prefix-free property of the Huffman code; thus
patterns can be decoded immediately as the bits in the
compressed data stream are encountered. We next de
scribe the state diagram of the FSM decddé€rusing
the s444 example.

Figure 6 shows the state transition diagranD@.

The number of states is equal to the number of non-
leaf nodes in the corresponding Huffman tree. For
example, the Huffman tree of Fig. 4 has seven non-
leaf nodes, hence the corresponding FSM of Fig. 6 and a straightforward decoding procedure can then be
has seven statesS; S, ..., S;. The FSM receives  used during test application. The trade-off involved
a single-bit input fromSG and produce®-bit-wide is the increase in test application tihaince the de-
test patterns, as well as a single-bit control output coder examines only one bit @ in each clock cycle.
TESTVEC. The control output is enabled only when Fortunately, the increase tnis directly related to the

a valid test pattern for the CUT is generated by the amount of test set compression achieved—the higher
decoder—this happens whenever a transition is madethe degree of compression, the lesser is the impaict on
to stateS,. The use of thESTVEC signal ensures

that the test sequendsg is preserved and no additional Theorem8. Thetestapplicationtimetincreasesbya
test patterns are applied to the CUT. Hence Huffman factor Iy, where | is the average length of a Huffman
codes provide an efficient encoding of the test patterns codeword.

Fig. 6. State transition diagram for the FSM decoder of s444.
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Proof: The state transition diagram of Fig. 6 shows  Input bit

thatw; clock cycles are required to apply a test pattern Flip—flops

X; which is mapped to a codeword ef bits. Hence
the test application time (number of clock cycles) is Q. D]
: Mol : 22
given byt = ) ° wi, where|Tp| is the total number )
of patterns in the test s@p. The test application time 1 1

therefore increases by a fac®t % wi/|Tp| = Iy, the

average length of a codeword. [
|

Experimental results on test set compression in

Section 4 show that the average length of a Huffman N
codeword for typical test sets is less than 2. This im-
plies that the increase in test application time rarely ex-
ceeds 100%. Since test patterns are applied in a BIST
environment, this increase in testing time is acceptable, ——

and it has little impact on testing cost or test quality. :
Figure 7 shows the netlist of the decoder circuit for '—D—L;Do——TEST_VEC

s444. This circuit was generated for a test set obtained —

using Gentest. The design is simplified considerably 2

by the presence of a large number of don't-cares in the %—*—Test pattern
decoder specification, which a design automation tool

can eXpIOIt for optimization. Fig. 7. Gate-level netlist of the FSM decoder for s444.

The cost of the on-chip decodBC can be reduced
by noting that it is possible to share the same decoder
on a chip among multiple CUTs. The encoding prob- by decoder sharing. We next present upper and lower
lem is now reformulated to encode the test sets of the bounds on the Huffman codeword length for two test
CUTs together. We do this by combining these test sets that are encoded jointly.
sets to obtain a composite test $gtand applying the
encoding procedure g to obtain an encoded test set Theorem 9. Let Tp; and Tp, be test sets for two
T{. Figure 8 illustrates a single sequence generator CUTs with the same number of primary inputs and
SG and pattern decod®C’ used to apply test setsto  let T, be obtained by combiningpl and Tp,. Let
multiple CUTs that have the same number of primary mjy, Ny, I3, and mp, Ny, |, be the number of unique pat-
inputs. Note that such sharing of the pattern decoder terns total number of patternsand average Huffman
is also possible if the CUTs have an unequal number codeword length for §; and Tp,, respectively. Let|
of primary inputs. The sharing is, however, more effi- be the average Huffman codeword length f¢ and
cient if the difference in the number of primary inputs let m" and N be defined asm’ = maxm;, m,} and
is small. The slight increase in the size Tf (com- N’ = N1+ No. In addition let p(gi),1 <i <m’, be
pared toTg) is offset by the hardware saving obtained the probability of occurrence of théhi unique pattern

Test Generator Circuit TGC n
#—= CUT 1
Sequence k Decoder n n
Generator WA Circuit / A—w| CUT2
sG’ T’ pc’
E n
A = CUT3

Fig. 8. A BIST sequence generator and decoder circuit used to test multiple CUTs.
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in To1(Tp2). Then

Nil1 + N2l
1T 2 og, B — 1
N 92 Bmin
' Nil1 + N2l

<l
< N

— log, omax + 1,

where(i) amaxis the largest value af such that Np; +
N2gi > N'ap; and N pi+N2Gi > N'ag;, and(ii) Bmin

is the smallest value @8 such that Np; + Nogi <
N’Bpi and Nupi + Nogp < N'Bgi, 1 <i <m'.

Proof:hskip10ptWe
H(Tp1) <l1 <H(Tp1)
+ 1 andH(Tpy) <l < H(Tpp) + 1, whereH (Tpy)
and H (Tpy) are the entropies dfp; and Tpy, respec-
tively. The probability of occurrence of théh unique
pattern inTj is (N1 pi + N2 )/N’. The entropy ofl}
is therefore given by

use the fact that

m

HT) =-Y_ kL ,\T—, N4 Io@]z(*N1 P ,::_, Al )
=i

N; & ( N’ )
S TN [ —
N’ ; pi 10g, N.ps + Nogp

+ N2 iq- log < N’ )
N & 22U NLp + Nog
It follows from the theorem statement that

Omax

=min
I

{min{ N; + N2(Qi/pi)7 N2 + N1(pi/q) ”
N’ N’

Therefore,

H(T’)<m§:plog< ! )
PN i1 I 2 Omax i

v oe(o )
+— i lo
N’ qu % Umaxdi

Nl N2
< W(ll — log, emay) + W('z — log, omax)

Nail1 + Nal2

= N l0g, armax

Now, " < H(TS) + 1. Thereforel” < [(N1l1 + Nal2)/
N’] — l0g, otmax + 1.

Next we prove the lower bound. Once again from
the theorem statement,

ﬁmin

= miax{ max{ N1+ Nl\ij/pi)’ N2 + NNl/(pi /9) H

Note that the lower bound is meaningful onlygf
0,1<i=<m,andg #0,1<i <m,whichrequires
that Tp; and Tp, have the same set of unique patterns
and thereforen’ = m; = my.

Therefore,

N1H (Tp1) + N2H (Tp2)
N/

H(TH) > — log, Bmin-
Now, H(Tp1) > |;—1andH (Tpy) > I,—1. Therefore,
I">H(TE) = [(Naly + N2ol2)/N'] — 109, Brin—1. =

A tighter lower bound off is given by the following
corollary to Theorem 9.

Corollary 2. Letl;=H(Tpy) +d81andb=H(Tpy)
+ 85, and letBmin be defined as in Theorefy where
0<61,82<1. Then I >[(Ngl1 + Nal2)/NT —[(N1d1
+ N282)/N’] — log, Bmin.

As a special case, N; = N, then%(ll +12) — log,
Pmin—1 <1< %(ll +12) — log, ormax + 1.

For example, leflp; and Tp, be test sets for two
different CUTs with five primary inputs each. Suppose
they contain the unique patterns shown in Fig. 9, with
N1 = N,. The probabilities of occurrence of patterns
in Tpy and Tp, satisfy (2), thereforé; = 214:1 ipi +
4ps = 1.25. Similarly,l, = 1.31. From Theorem 9,
amax = 0.58, andBmin = 3.5. SinceN; = N, the
bounds on’ are given bys (11 +12) — 10g, Bmin — 1 <
I” < 311 + 1) — 109, amax + 1. Therefore, 103 <

Unique | Probability of occurrence

pattern | Tp; | Tpa T7
10110 | 0.80 | 0.75 0.775
0011t | 0.10 | 0.20 0.15
10100 | 0.05 | 0.04 0.045
00000 | 0.03 | 0.005 0.0175
11111 | 0.02 | 0.005 0.0125

Fig. 9. Unique patterns and their probabilities of occur-
rence for the example illustrating Theorem 9.



I” < 3.55. Now, the patterns i, also satisfy (2), and
thereford’ = Y, ip/ + 4p; = 1.33, which clearly
lies between the calculated bounds, whefes the
probability of occurrence of patter; in TJ.

Experimental results on test set encoding and de-
coder overhead in Section 4 show that it is indeed pos-
sible to achieve high levels of compression while re-
ducing decoder overhead significantly if test sets for
two different CUTs with the same number of primary
inputs are jointly encoded and a single decdd€f is
shared among them.

Comma Coding

We next describe test set compression and test appli-
cation using Comma encoding. Once again, we illus-

trate the encoding and decoding scheme using the s444

example.
The unique patterns in the test set are first identified,
and sorted in decreasing order of probability of occur-

rence. Codewords are then generated for the patterns

according to the Comma code construction procedure
described in Section 2. Comma codewords generated
for the unique patterns in the s444 test set are listed in
Table 2. The probabilities of occurrence of test patterns,
shown in Table 2 clearly satisfy (2) in Theorem 3, and
therefore the encoding is near-optimal. The Comma
encoded test set has 1.2126 bits per codeword, and re
quires 2281 bits for storage, an increase of only one
bit from the optimally (Huffman) encoded test set de-
scribed in Section 3. Hence the reduction in test set
compression arising from the use of Comma codes in-
stead of Huffman codes for this example is only 0.02%.
The slight decrease in test set compression due to
the use of the Comma code is offset by the reduced
complexity of the pattern decodBC. Figure 10 illus-
trates the pattern decoder for the s444 circuit test set.
The decoder is constructed using a binary counter and
combinational logic that maps the counter states to the
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Input bit

Cloc
Negative edge-
triggered reset

Binary
counter

Clock to CUT
(test mode)

:7 %ﬁ
Test pattern

Fig. 10. The Comma pattern decoder for the s444 test set.

state after half a clock cyle. The test pattern can thus be
latched by the CUT before the counter is reset. Comma
decoders are simpler to implement than Huffman de-

coders, and binary counters already present for normal
operation can be used to reduce overhead. As in the
case of Huffman coding (Theorem 8), the increase in

testing time due to Comma coding equals the average

length of a codeword.

Run-Length Encoding

Finally, we describe run-length encoding of the sta-
tistically encoded test sequent€g to achieve further
compression. We exploit the fact that sequences of
identical test patterns (runs) are common in test sets
for sequential circuits having a high ratio of flip-flops
to primary inputs. For example in the test set for s444,
runs of the pattern 000 occur with lengths of up to

test patterns. The test application scheme is the samer0. Huffman and Comma encoding exploit the large

as that in Fig. 5 for the Huffman decoder.

The inverted input bit is used to generate the
TESTVEC signal which ensures that the CUT is
clocked only when a 0 is receiveESTVECis also
gated with the clock to the CUT and used to reset the
the counter on the falling edge of the clock. Bits with
value 1 received fronsGtherefore result in the flip-
flops of the counter being clocked to the next state,
while Os (the terminating “commas” present at the end
of each code word) reset the flip-flops to the initial (000)

number of repetitions of patterns in the test sequence
without directly making use of the fact that there are
many contiguous, identical patterns. Run-length en-
coding exploits this property of the test sequences—it
therefore complements statistical encoding. Huffman
and comma encoding transform the sequence of test
patterns to a compressed serial bit stream, and in the
s444 test set, each occurrence of the test pattern 000 is
replaced lg a O (Table 2). Therefore, long runs of Os
are present in the statistically compressed bit stream,
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Table 3 Distribution of runs in the Huffman encoded instances of (1,5), (1,6), (1,7) or (1,8) exist. We there-
test set for the s444 circuit. fore use combinations of 3 bits (00001, ..., 111)
o No. of runs . No. of runs to encode the 8 most frequently occurring runs—(0,1),
|e‘é2,m 0 = Ie:g?th o 1 (0,2),(0,3),(0,7), (0,8), (1,1), (1,2) and (1,4). The less-
frequently occurring runs (0,4), (0,5), (0,6) and (1,3)
1 90 114 5 8 0 are divided into smaller consecutive runs for encoding.
2 52 104 6 10 0 For example (0,5) is encoded as (0,3) followed by (0,2).
3 33 10 7 37 0 Figure 11 illustrates run-length encoding applied to a
4 11 18 8 145 0 portion of the Huffman encoded s444 test set. The

encoded runs are stored in a ROM and output to a run-
length decoder. The run-length decoder provides a sin-
which can be further compressed using run-length gle bitin every clock cycle to the Huffman (or Comma)
coding. decoder for test application.

Run-length coding is a data compression technique  The run-length decoder consists of a binary down
that replaces a sequence of identical symbols with a counter, and a small amount of combinational logic.
copy of the repeating symbol and the length of the se- Figure 12 illustrates the run-length decoder for the
quence. For example, a run of 5 Os (00000) can be s444 test set. The bits used to encode a run (e.g.,
encoded as (0,5) or (0,101). Run-length encoding has011 for (0,7)—Fig. 11(a)) are first mapped to the run-
been used recently to reduce the time to download testlength (110 for 7 bits). The run-length is loaded into
sets to ATE across a network [23, 24]. We improve the counter which outputs the first bit of the run. The
upon the basic run-length encoding scheme by consid- counter then counts down from the preset value 110 to
ering only those runs that have a substantial probability 000, sending a bit (0, for this example) to the Huffman
of occurrence in the statistically encoded bit stream. A decoderin every clock cycle. Whenthe counterreaches
unigue symbol representing a run of a particular length 000, the NOR gate output becomes 1, enabling the
(and the corresponding bit) is then stored. The value of ROM to output the bits representing the next run. Since
the repeating bit is generated from the bits represent- one bit is received by the Huffman decoder in every
ing the length of the run during decoding. We there- clock cycle, run-length decoding does not add to test-
fore obviate the need to store a copy of the repeating ing time.
bit.

We describe our run-length encoding process using 4. Experimental Results
the s444 example. An analysis of its Huffman en-
coded test set yields the distribution of runs shown in In this section, we present experimental results on test
Table 3. Encoding all 16 runs would obviously be ex- set encoding for several ISCAS 89 benchmark circuits
pensive (4 bits would be required for each run) since to demonstrate the saving in on-chip storage achieved
very few instances of (0,4), (0,5) and (1,3), and no using Huffman, Comma and run-length encoding. We

Runs Encoded runs Bit stream to be compressed Run-length
(0.1) 000 000000011110111100000 encoded data
(0,2) 001
(0,3) 010 011
111

(0,7) 011 L

Runs in bit stream 000
0.8) 100 ' 111
@y 1ot ©.7), (1.4), (0.1), (1,4), 05) 001
(1,2) 110
(1,4) 111

(a) (b) (c)

Fig. 11 Run-length encoding applied to a portion of the Huffman encoded s444 test set: (a) 3-bitencoding
for 8 types of runs, (b) bit stream to be encoded, and (c) run-length encoded data.
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bit
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Fig. 12 Run-length decoder for the s444
test set.

consider circuits in which the number of flip-flofisis
considerably greater than the number of primary inputs
n; we denote the ratié/n by y. Table 4 lists the values

of y for the ISCAS 89 circuits, with circuits having a
high value ofy shown in bold. Such circuits are espe-
cially hard to test because of the relatively large number
of internal states and few primary inputs. From Table 4

Table 4 The ratio of the number of flip-flops to the
number of primary inputg, and|Tp |, the length of the
HITEC test sequences for the ISCAS 89 circuits.

CuT y |Tp| CuT y |Tol
s1196 1.28 435 s400 7 2208
51238 1.28 475 s420 0.84 166
51423 4.35 150 s444 7 2240
s298 4.66 322 s526 7 2250
s344 1.66 127 s641 0.54 209
s349 1.66 134 s713 0.54 173
s35932  49.37 496 s820 0.625 1115
s382 7 2074 s838 0.94 26
s386 0.85 286 s953 181 13
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we see that these circuits typically require longer se-
guences of test patterns. On the other hand, they are
excellent candidates for our encoding approach.

Several other ISCAS 89 benchmark circuits do not
have a high value of, and are therefore more suitable
for scan-based testing, than for the proposed approach
of encoding non-scan test sets. We do not present re-
sults for these circuits, however, statistical encoding of
full-scan test sets for these circuits, on the lines of the
proposed approach, has recently been shown to be ef-
fective in reducing the amount of memory required for
test storage [25].

We performed experiments on test sets for single-
stuck line (SSL) faults obtained from the Gentest
ATPG program, as well as the HITEC, GATEST, and
STRATEGATE test sets from the University of lllinois
[26]. We measured the fault coverage of these test sets
using the PROOFS fault simulator [27] and ensured
that the coverage is comparable to the best-known fault
coverage for these circuits. We next present results on
the compression achieved using Huffman and Comma
coding for all four test sets. Table 5 compares the num-
ber of bits required to store the encoded tesTgeatith
that required to store the corresponding unencoded test
setTp. The number of bits required by our scheme is
moderate, substantially less than that required to store
unencoded test sets, and reduces significantly when the
same test set can be shared among multiple CUTs of
the same type included on a chip, as in core-based DSP
circuits [14]. The saving irSGmemory presented in
Table 5 is substantial, and in most cases, the difference
in compression due to the use of Comma coding in-
stead of Huffman coding is very small. In Table 6, we
show that further compression is achieved by applying
run-length coding tole. We present results on run-
length encoding for the s382 and s444 circuits using
the Gentest test set.

The test application time required is considerably
less than that required for pseudorandom testing, even
though the number of clock cyclésis greater than
the number of patterns ifp (C = Iy|Tp| for Huffman
coding andC = I¢|Tp| for Comma coding). Table 7
compares the number of test patterns applied, the num-
ber of clock cycles required, and the fault cover-
age obtained for our method, with the corresponding
figures reported recently for two pseudorandom testing
schemes [5, 6]. The test application time required by
our method is much less than for the pseudorandom
testing method of [5]. We also achieve higher fault
coverage for all circuits.
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Table 5 Experimental results on test set compression for ISCAS 89 circuits with a high vajue of

Average Percentage
codeword length compression
ISCAS 89 B B —
circuit n m [Tol Thits In Ic Hits Chits HE CE
Gentest
s298 3 7 162 486 1.7901 1.7963 290 291 40.32 40.12
s382 3 8 2463 7389 1.2026 1.2030 2962 2963 59.91 59.89
s400 3 8 1282 3846 1.4180 1.4188 1818 1819 52.73 52.70
s444 3 8 1881 5643 1.2121 1.2126 2280 2281 59.59 59.57
s526 3 8 754 2262 1.9031 1.9058 1435 1437 36.60 36.47
s$35932 35 86 86 3010 6.65 a 572 — 81.00 —
HITEC
s298 3 8 322 966 2.04 2.05 657 660 31.88 31.36
s382 3 8 2074 6222 1.46 1.47 3028 3049 51.35 51.33
s400 3 8 2208 6624 1.46 1.47 3224 3246 51.43 51.43
s444 3 8 2240 6720 1.47 1.47 3293 3297 45.19 45.19
s526 3 8 2250 6750 1.89 1.90 4253 4275 41.38 41.38
s35932 35 496 496 17360 8.97 a_ 4449 — 74.38 —
STRATEGATE
s298 3 8 194 582 2.46 2.72 447 528 18.04 9.10
s382 3 8 1486 4458 1.92 1.92 2853 2854 36.00 35.80
s400 3 8 2424 7272 1.82 1.83 4412 4436 39.36 39.06
s444 3 8 1945 5835 1.64 1.64 3190 3191 45.19 45.19
s526 3 8 2642 7924 1.76 1.76 4450 4652 41.38 41.38
s35932 35 257 257 8995 7.79 a_ 2002 — 77.73 —
GATEST
s298 3 7 147 441 2.34 2.38 344 350 22.00 20.40
s382 3 7 331 993 2.23 2.40 771 794 25.58 19.83
s400 3 6 324 972 2.25 2.47 729 800 25.00 17.48
s444 3 6 254 762 2.22 2.34 564 594 25.85 21.78
s526 3 5 371 1113 2.21 2.38 820 883 26.24 20.66
s35932 35 256 256 8960 8.00 a 2048 — 77.14 —

n: No. of primary inputsm: No. of unique test pattern3j;is: Total no. of bits inTp; Hpits: No. of bits inTg after Huffman encoding;

Chits: No. of bits inTg after comma encoding;

aComma coding is not applicable for the test set of s$35932, because the probabilities of occurrence of the test patterns do not satisfy (2)
given in Theorem 4.

Table 6 Percentage compression achieved by run-length coding after applying Huffman and
Comma encoding tdp.

Number of bits inTg Percentage compression
ISCAS 89
circuit Thits Hbits Chits HRyits CRuits HE CE HRE CRE
s382 7389 2962 2963 2268 2421 59.91 59.89 69.31 67.24
s444 5643 2280 2281 1953 2013 59.59 59.57 65.39 64.33

HRuyits: No. of bits in the encoded test set after Huffman and run-length encodRgs: No.
of bits in the encoded test set after Comma and run-length encoding.
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Table 7 Number of clock cycle€ required and fault coverage obtained using pseudorandom testing
compared with the corresponding figures using precomputed deterministic test sets.

Number of pattern§Tp| Number of clock cycle§ Fault coverage (%)
ISCAS 89
circuit [5]2 612 Def [5] [6] Det [5] [6] Det?
s298 —£ 899 194 — 899 477 — 86.04 86.04
s382 34,807 4,694 1,486 100,000 4,694 2,853 86.00 89.47 91.22
s444 34,807 4,603 1,881 100,000 4,603 2,280 80.40 87.76 89.45
s526 — 19,864 2,642 — 19,864 4,650 — 79.28 81.80
s35932 41,667 — 257 100,000 — 2,002 87.00 — 89.78

4[5, 6]: Recently proposed pseudorandom BIST methods; Det: Deterministic testing using precomputed
test sets.

bThe best fault coverage achieved by precomputed deterministic testing.

®Results for these circuits were not reported in [5, 6].

Table 8 Literal counts of the Huffman and Comma decoders for the four test sets.

Decoder cost in literals

Huffman decoders Comma decoders

ISCAS 89

circuit Gen HIT GAT STRAT Gen HIT GAT STRAT
s298 46 44 42 41 24 32 27 28
s382 42 34 34 43 30 27 33 29
s400 44 33 33 37 26 27 27 27
s444 50 46 30 47 27 29 27 25
sb26 43 47 18 43 29 29 28 27
s35932 2220 4002 4002 4150 — — — —

Gen: Gentest; HIT: HITEC; GAT: GATEST; STRAT: STRATEGATE.

We next present experimental results on the Huffman counter for address generation, whéris the aver-
and Comma decoder implementations. We designedage codeword length. However, sirces small, this
and synthesized the FSM decoders using the Epochlogarithmic increase in counter size is also small, e.g.,
CAD tool from Cascade Design Automation [28]. The the size of the counter does not change for s444, while
low to moderate decoder costs in Table 8 show that it increases from 7 to 10 for s35932. The hardware
the decoding algorithm can be easily implemented as a overhead figures in Table 8 do not include this small
BIST scheme. Note that the largest benchmark circuit increase in counter size.
s$35932 requires an extremely small overhead (synthe- It may be argued that a special-purpose, minimal-
sized ROM area is 0.53% of CUT area, and decoder state FSM may be used to produce a precomputed
area is 6.18% of CUT area) to store the encoded testsequence. However, we have seen that the overhead
set and decoder, thus demonstrating that the proposedf such FSMs is prohibitive, especially for long test
approach is scalable and it is feasible to incorporate the sequences. In addition, such a special-purpose FSM
encoded test set on-chip for larger circuits. would be specificto asingle CUT; onthe other hand, the

Note that, while Huffman and Comma encoding re- decodeDC for the proposed scheme is shared among
duce the number of bits to be stored, the serializa- multiple CUTs, thereby reducing overall TGC over-
tion of the ROM may increase the hardware require- head.
ments for ROM address generation. In a conventional Table 9 compares the overhead of the proposed de-
fixed-length encoding scheme, the size of the counter terministic BIST scheme with the overhead of a pseu-
required for ROM address generation[isg, | Tp|1, dorandom BIST method [6] for several circuits. The
while an encoded ROM requires [#09, (| Tp|l)1-bit overhead for the pseudorandom method was obtained
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Table 9 Literal counts for the proposed technique compared with
pseudorandom testing.

Deterministic

TGC cost

Pseudorandom Number of
ISCAS 89 Decoder Total TGC cost test points
circuit cost cost [6] [6]
s298 24 53 47 9
s382 27 111 57 8
s444 25 85 57 8
s526 18 114 61 9

by mapping the gate count figures from [6] to the literal
counts of standard cells in the Epoch library. While the
deterministic TGC requires greater area than the pseu-
dorandom TGCs, the difference is quite small, and thus
may be acceptable if higher fault coverage and shorter
test times are required. Note also that the pseudoran-
dom method requires the addition of a large number
of observability test points. These require a gate-level
model of the CUT, as well as additional primary out-
puts and routing. Moreover, they may also increase the
size of the response monitor at the CUT outputs. The
proposed TGCs require no circuit modification, thus
making them more applicable to testing core-based de-
signs using precomputed test sequences.

Finally, we present experimental results for test set
compression and decoder overhead, using a single

decoder to test several CUTs on a chip. Table 10
shows that the levels of compression obtained for com-
bined test sets are comparable to those obtained for the
individual test sets. In fact, in several cases the overall
compression is higher than that obtained for one of the
individual test sets. The percentage area overhead re-
quired for the decoder reduces significantly, because a
single decoder can now be shared among several CUTS.
Note that in the case of the Comma decoders, a major
part of the overhead is contributed by the binary coun-
ters. For example, in the Comma decoder for the pair
{s444 s52§, the binary counter represents 3.14% over-
head, while the combinational logic represents only
0.18% overhead. If the counter is also used for nor-
mal operation of the system, then the BIST overhead
will reduce further. The test application technique is
therefore clearly scalable with increasing circuit com-
plexity. The decoder overhead also tends to decrease
with an increase iry. This clearly demonstrates that
the proposed test technique is well suited to circuits for
whichy is high.

5. Conclusion

We have presented a novel technique for deterministic
built-in pattern generation for sequential circuits. This
approach is especially suited to sequential circuits that
have a large number of flip-flops and relatively few

Table 10 Percentage compression for test sets encoded jointly.

Percentage Huffman compression

Percentage Comma compression

Circuit

pair Gen HIT GAT STRAT Gen HIT GAT  STRAT
{s298s400 49.24 47.87 17.41 35.43 49.21 4776 11.04 33.79
{s382s444 58.65 49.25 12.48 36.00 58.60 49.16 2.56 33.59
{s444s526 51.85 42.42 25.39 42.96 51.81 42.33 18.08 42.72

Table 11 Decoder cost in literals and percentage decoder overhead for a single decoder shared

among several CUTs.

Decoder cost in literals Percentage decoder overhead

Circuit

pair Gen HIT GAT STRAT Gen HIT GAT STRAT
{s298s400 Huffman 44 46 33 45 8.15 845 6.19 8.44
{s382 s444 48 52 44 44 6.72 7.29 6.18 6.21
{s444 s526 42 36 33 39 511 433 4.03 4.77
{s298s400 Comma 28 32 25 26 522 587 4.71 4.83
{s382 s444 37 34 29 36 520 4.83 4.02 5.01
{s444 s528 33 32 27 31 3.98 387 332 3.82




primary inputs, and for circuits such as embedded o.
cores, forwhich gate-level models are not available. We
have shown that statistical encoding of precomputed
test sequences leads to effective compression, thereby
allowing on-chip storage of encoded test sequences. We

have also shown that the average codeword length for 11.

the non-optimal Comma code is nearly equal to the av-
erage codeword length for the optimal Huffman code if
the test sequence satisfies certain proeprties. These arg,
generally satisfied by test sequences for typical sequen-
tial circuits, therefore Comma coding is near-optimal
in practice.

Our results show that Huffman and Comma encod-
ing of test sequences, followed by run-length encoding, ,,
can greatly reduce the memory required for test stor-
age. The small increase in testing time is offset by

the high degree of test set compression achieved. Fur-15.

thermore, testing time is considerably less than that for
pseudorandom methods. We have developed efficient
low-overhead pattern decoding methods for applying

the test patterns to the CUT. We have also shown that 17.

the overhead can be reduced further by using a sin-
gle decoder to test multiple CUTs on the same chip.
The proposed technique thus offers a promising BIST
methodology for complex non-scan and partial-scan
circuits for which precomputed test sets are readily
available.
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