Improving Performance of Effect-Cause Diagnosis
with Minimal Memory Overhead

Huaxing Tang*, Chen Liuf, Wu-Tung Cheng*, Sudahkar M. Reddy’ and Wei Zou*
*Mentor Graphics Corporation, 8005 S.W. Boeckman Road, Wilsonville, Oregon, USA, 97070
'ECE Dept., University of Towa, Iowa City, lowa, USA, 52242

Abstract— Effect-cause diagnosis procedures are the most
commonly used in industry to diagnose VLSI circuits that
fail manufacturing test or field applications. Fast and effective
diagnosis procedures are essential to diagnose large numbers
of failing dies for yield ramp-up. We have recently proposed
a method to speed up effect-cause diagnosis procedures by
using a dictionary of small size [26]. In this paper we propose
methods to further reduce the dictionary size and still achieve
higher performance. Experiments on several industrial designs
demonstrate that, on average, effect-cause diagnosis procedures
can be speeded up by 3.5X while requiring minimal memory
overhead for a very small dictionary.

I. INTRODUCTION

When the chip fabrication process moves into deep
sub-micron domain, feature-related systematic defects, such
as single vias, bridges over wide metal, etc. cause more
and more yield problems. In the future traditional yield
learning approaches, such as test chips, memory bitmap,
physical failure analysis, etc., may become less effective
for yield learning. Hence new yield learning methods based
on volume diagnosis results have gained a lot of attention
recently [4], [11]-[14], [16], [19]. The basic idea is to use
the manufactured dies as their own test chips. As shown in
[20], both the accuracy and the throughput of diagnosis are
critical for successful yield learning.

Diagnosis methods can be classified into two categories:
cause-effect diagnosis and effect-cause diagnosis. Cause-
effect diagnosis, also called dictionary based diagnosis,
pre-computes failing responses of all modeled faults for a
design and stores them in a dictionary. A main problem
with cause-effect diagnosis is that a very large memory may
be needed to store the pre-computed dictionary. Although a
number of techniques [8], [10], [17] have been proposed to
reduce the memory overhead of the dictionary, it can still
be too large to be applicable for modern large designs with
tens of millions of gates. Moreover the diagnosis accuracy
and resolution may be impaired if the stored test response
information is incomplete, such as in a pass/fail dictionary
[17]. Instead of performing table lookup, the effect-cause
diagnosis [1] finds initial candidates by backtracing from
failing outputs, and simulating them to find the real suspects.
Compared to the cause-effect diagnosis, effect-cause diagnosis
procedures [1], [3], [S]-[7], [15], [21]-[25] typically can
achieve higher accuracy and better resolution whilst requiring
negligible memory overhead. However, effect-cause diagnosis

requires a longer time, ranging from several seconds to hours,
to diagnose a single failing die due to the need for a large
number of fault simulations. Hence the effect-cause diagnosis
may not be able to satisfy the throughput requirement of
the volume diagnosis for large designs. A new method to
speed up effect-cause diagnosis procedures by using a small
dictionary was proposed in [26]. However for large industrial
designs with tens of thousands of test patterns the dictionary
proposed in [26] may still be too large to be applicable.

In this paper we propose a diagnosis algorithm which
combines backtracing from failing outputs and fault
dictionary to process failing patterns to find initial candidates
in effect-cause diagnosis procedures. X-algorithm [2] is
used to effectively handle failing patterns with many failing
bits, as in conventional effect-cause diagnosis. A failing
bit is defined as a failing observation point for a specific
failing pattern. An improved pre-computed small dictionary
is used to quickly find the initial candidates for failing
patterns with a small number of failing bits. Two techniques
are proposed to effectively reduce the memory overhead
of the dictionary down to a negligible level, to ensure the
applicability of the proposed diagnosis method to the largest
designs. Experimental results on several industrial designs
demonstrate that a significant speedup can be achieved with
minimal memory overhead by the proposed algorithm.

The paper is structured as follows: In Section II, a review
of effect-cause and cause-effect diagnosis procedures and
the earlier procedure to speed up effect-cause diagnosis
procedures are given. In Section III we present the proposed
techniques to reduce the memory overhead of the proposed
dictionary and also present the proposed diagnosis algorithm.
Experimental results are given in Section IV. Section V
concludes the paper.

II. PRELIMINARIES
A. Review of Effect-Cause Diagnosis

The effect-cause diagnosis procedures are typically based
on Single Location at a Time (SLAT) patterns [5]. A SLAT
pattern is a test pattern that produced a failing response on
the tester which can be matched (referred to as explained)
by the response to the test pattern by the circuit under test
with a single fault at some circuit node. These procedures are
composed of three parts:



TABLE I
DESIGN INFORMATION AND DICTIONARY SIZE

D1 D2 D3 D4 D5 D6 D7
NgGate 314K | 543K | 1.LIM | 1.IM | 2.0M | 506K 1.3M
Nopspt 20K 46K 64K 70K 134K 13K 8K
Npat 5000 2252 1999 | 9415 1000 1000 1800
Rcomp n/a n/a n/a n/a n/a 6.5X 9.9X
Nsar 631K | 1.IM 17M | 1.8M | 42M | 817K | 2.5M
SFEull 79T 14.3T | 27.2T | 147T | 704T 1.3T 4.5T
Sp/F 394M | 310M | 425M | 2.1G | 525M | 102M | 563M

1) For each failing pattern P}M-l, use the X-algorithm [2]
from failing outputs to drop the undetectable faults
and obtain the initial list of candidate fault sites. Fault
simulate the initial candidates to filter out the candidates
which can not explain P};.

2) Find a minimal set of candidates to explain as many
failing patterns as possible by solving a minimum set
covering problem. The selected candidates are called
suspects and are charaterized (as stuck-at, open, bridge
etc.) based on their excitation conditions [7], [25] .

3) Simulate all suspects under passing patterns and com-
pute scores for each suspect candidate based on its
failing pattern matches and passing pattern mismatches.
The suspects are next ranked based on their scores and
the ranked list of suspect candidates are reported out.

Typically, for large modern designs, test data compression
techniques are necessary to address the increasing test data
volumes. Additionally sequential test patterns are used to
achieve higher fault coverage and detect timing-related
defects. For such cases, it is observed that the first stage
of the effect-cause diagnosis tends to be much more time-
consuming and hence should be given a higher priority during
performance optimization of defect diagnosis tools.

B. Review of Cause-Effect Diagnosis

Another approach for diagnosing fail logs is called cause-
effect diagnosis, where a fault dictionary is pre-computed
and stored for a specific design and a given set of test
patterns. During diagnosis, a quick lookup of fault dictionary
is performed to determine suspects, which can explain
the targeted failing pattern(s). Additional analysis can be
performed to find out passing pattern matches(mismatches)
information, compute the suspect score and rank the suspect
list. In the extreme case, where all needed information is
stored and simulation is totally bypassed, the cause-effect
diagnosis could be extremely fast because the table lookup
can be done with little CPU time.

Table I reports information on seven industrial designs used
in this work. We also include the sizes of dictionaries for
single stuck-at faults. Sizes for two dictionaries referred
to as full and pass/fail (P/F) are shown. For each

design, the number of gates (Nggte), the number of
observation points (Nopspt) and the number of test patterns
(Npgt) are presented. For designs with test response
compaction technique implemented, the compaction ratio
(Rcomp) 1s also reported. The compaction ratio is defined as
Rcomp = Ncohain/Nchannel, Where Nopain is the number of
scan chains and N¢pgnner 1S the number of scan channels. For
designs without the compaction technique, like D1 to D5, all
primary outputs and scan flip-flops are treated as observation
points, thus Nopspy = Nprp+Npo, where Npg is the number
of scan flip-flops and Npo is the number of primary outputs.
For designs with the compaction technique implemented, like
D6 and D7, the number of observation points is computed
as: Novspt = NcChannel * LL(mgestCh,ain + Npo, where
LongestChain 1s the length of the longest scan chain.

To store the complete information on test fails in a dictionary
one could use a single bit to indicate whether a given
fault F; is detected by a pattern P; at an observation
point O or not, which results in a full dictionary. The
size of a full dictionay in bytes can be computed as:
Sruil = Nsar * Npar * Nopspt/8, where Ngap is the total
number of collapsed stuck-at faults of this design. The size
of a full dictionary can be prohibitively high. As we can see
from Table I, even for a small design like D1, a memory
of 7.9 * 10'? bytes is needed which makes the cause-effect
diagnosis based on full dictionaries impractical for large
designs. To reduce the memory overhead of a fault dictionary,
a simple approach is to use a single bit to indicate whether
a given F; is detected by a pattern P; or not, which results
a pass/ fail dictionary. The size of a pass/fail dictionary
in bytes is reduced to: SP/F = Nsar * Npattern/8, by
discarding the failing bit information for every failing pattern,
which is more reasonable as shown in Table I. However, the
accuracy and resolution of diagnosis results based on pass/fail
dictionary are typically reduced and may be unacceptable
for some applications, such as physical failure analysis.
Furthermore, even the reduced size of a pass/fail dictionary
may be too large for some designs.

C. Signature-based Small Dictionary [26]

A fault dictionary of small size is proposed in [26], where
only unique failing responses for each fault are stored. Failing
responses are compressed into 32-bit signatures to further
reduce the memory overhead. Also information on the clocks
activated during the capture of responses to failing patterns is
used to skip simulation of some of the passing patterns. This
method works well when the memory budget is not limited.
However, it is observed that the size of the small dictionary
increases almost linearly with the number of test patterns, as
shown in Fig. 1. Small dictionaries proposed in [26] were
created for N-detect test sets of design D1 in Table I, N =
1,3,5,7,10. As the pattern count increases from 5K (1-detect)
to 39K (10-detect), the number of entries to be stored for fault
dictionary increases from 1.2 x 107 to 5.0 % 107, and there is
no obvious sign of saturation. Such linear increase in memory
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Fig. 1. Size of small dictionary [26] for D1

overhead with pattern counts caused the creation of the small
dictionary to fail for a design with more than 10 millions
gates and 27 thousand test patterns on a machine with 16GB
random access physical memory. Thus for very large modern
designs with tens of millions of gates and a large number
of test patterns the memory overhead of diagnosis procedures
must be minimized.

III. THE PROPOSED TECHNIQUES AND DIAGNOSIS
PROCEDURE

In this section we propose methods to efficiently combine
the advantages of cause-effect and effect-cause diagnosis pro-
cedures into an integrated diagnosis procedure that is highly
efficient and requires minimal memory overhead. The same
high diagnosis accurary and resolution as the effect-cause diag-
nosis is achieved by the proposed procedure. After discussing
the proposed techniques to reduce the memory overhead of a
fault dictionary, the proposed diagnosis procedure using the
reduced size fault dictionary is presented. The observation
which motivated us to investigate the methods to reduce
dictionary size is the following. In Fig. 2 we plot the number
of failing patterns with a given number of failing bits in tests
that failed approximately 26,000 different real chips during
manufacturing test. The curve gives the cumulative percentage
of all failing patterns and the X-axis represents the number
of failing bits in the failing patterns. It can be seen that
approximately 77% of the failing patterns have a single failing
bit and over 98% of the failing patterns have 5 or less failing
bits. Thus if one wants to improve the efficiency of effect-
cause diagnosis procedures one should focus on improving
the run time for most likely failing responses which contain
very few failing bits as illustrated in Fig. 2. In this context
we should also mention that the fact that test responses for a
large percentage of faults in circuits reach only a small number
of circuit outputs was also used to speed up diagnostic test
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Fig. 2. Number of failing bit per failing pattern distribution

generation and diagnostic fault simulation in [18].

A. Npp Dictionary

We propose to use pre-computed failure information to
handle failing patterns with few failing bits, which may not
be effeciently processed by the X-algorithm [2] used in effect-
cause diagnosis procedures. A fault dictionary is used to store
all unique failing responses for each fault, with Npp failing
bits or less in a dictionary called the Nrp dictionary. When
analyzing a failing pattern P} i With no more than Npp fail-
ing bits, a table lookup of the pre-computed Nrp dictionary
is used to quickly find the initial candidate list for P}M-l. The
Nrp dictionary can be constructed in a preprocessing step as
follows.

1) For each fault f;, find the number of failing bits in
responses by simulating all patterns.

2) Drop all failing patterns with more than Ngp failing
bits.

3) Find the unique failing bit combinations for all remain-
ing failing patterns of f;.

4) Encode the unique failing bit combinations into 32-bit
signatures and store them.

5) Repeat step (1) to (4) for all faults.

6) Reorganize unique signatures for failing patterns of all
faults, such that they can be efficiently queried during
diagnosis.

Since only the unique signatures for failing patterns with
no more than Npp failing bits are stored, the memory
requirement is dramatically reduced, which makes the Nrp
dictionary applicable to very large industrial designs.

B. Fault Grouping

Another technique is proposed to further reduce the memory
usage of an Npp dictionary. We give a sketch of this technique



Fig. 3. An example of fanout free region

through the following example. Consider a fanout free region
(FFR) containing three gates of a larger circuit shown in Fig.
3. Assume that for a given set of test patterns, faults in this
FFR have the unique signatures for the 8 collapsed stuck-at
faults as listed in Table II. A total 21 dictionary entries are
required to store the unique signatures for all 8 faults.

For combinational patterns, when a fault within this FFR is
detected, for example, a stuck-at 1 (a/1) is detected by a
pattern P; as a signature s3, some downstream faults such
as ¢/1 and g/1, are guaranteed to be detected by P; with the
same signature s3. Therefore, many signatures are produced by
several different faults. For example, signature ss is produced
by five faults: a/1, ¢/0, d/0, e/1 and g/0. A simple idea
to reduce the memory requirement is to group faults with
common signatures, and store the shared signatures only once
for the fault group, rather than many times seperately for
each individual fault. For the example shown in Table II,
if we consider all 8 faults as a group, only 5 entries are
needed for the 5 unique signatures for this fault group, which
is significantly less than 21 entries required by the original
method without fault grouping.

In general we group faults in FFRs of the circuit under test
and associate the group with unique signatures obtained for
any fault in the group. A potential problem for this technique
is a larger initial candidate list returned by table lookup during
diagnosis, which may increase diagnosis time. For example,
for a failing pattern with signature s5, only 4 faults (b/1, e/1,
g/0 and g/1) of this FFR are returned as initial candidates by
querying the N p dictionary without fault grouping. However,
all 8 faults must be included as initial candidates if fault
grouping is used to create the fault dictionary. This potential
impact on performance will be examined in the experiments
reported in Section IV.

C. The Proposed Diagnosis Algorithm

Next we describe the proposed diagnosis algorithm using
the Npp dictionary to speedup diagnosis. First the fault
dictionary is computed as previously described. If the fault
grouping technique is used, the unique signatures for each
fault group, instead for each fault, will be identified and

TABLE II
AN EXAMPLE OF FAULT GROUPING

Fault || Unique signatures
a/l S1, S3

b/1 S1, S5

c/0 52, 83

d/0 83, S4

e/l S1, 83, S5

/1 81, S92

g/0 $2, 83, S4, S5
g/l 81, 82, 83, S5

stored. After loading a Npp dictionary, diagnosis for a given
fail log proceeds as follows:

For each failing pattern P}M-l, if the number of failing bits
is higher than Npp, use the X-algorithm to find the initial
candidate list. Otherwise, compute the signature of Piml and
query the Npp dictionary to find the matching results. If no
fault grouping is used, the query results are directly used as
initial candidates. Otherwise, the query results (matched fault
groups) need to be expanded first, i.e. find all faults belonging
to the matched fault groups, and then use the faults as initial
candidates. In case no matching result is found by query,
the failing pattern is treated as an unexplained failing pattern
and may be ignored. After obtaining the initial candidates,
the remaining parts of diagnosis process are the same as
in a standard effect-cause diagnosis procedure described in
Section II.

Since both the X-algorithm and the Nrp dictionary querying
guarantee to return a list of initial candidates which is a
superset of the real suspects, the diagnosis accuracy and
resolution are not compromised. The exact same results
as the conventional effect-cause diagnosis are guaranteed
by the proposed algorithm. In addition, the proposed Nrp
dictionary efficiently addresses the majority of failing patterns
with a small number of failing bits, and thus can achieve a
significant performance improvement with minimal memory
overhead.

In addition, the proposed Npp dictionary provides a flexible
tradeoff between memory and performance. When the
memory budget is tight, a small value of Nrp can be used
to speed up diagnosis with a very small memory overhead. If
more memory is available, a bigger dictionary with a higher
Npp limit can deliver a better performance speedup.

Unlike [26], where the X-algorithm is completely discarded
and initial candidates are identified only from from dictionary
query, the proposed algorithm seamlessly integrates X-
algorithm and the Npp dictionary, to achieve a significant
performance improvement with minimal memory ovehead. It
is easy to see that the proposed Ngp dictionary without fault
grouping will become same as the small dictionary proposed
in [26] if Ngpg is set as +oo.



IV. EXPERIMENTAL RESULTS

In order to validate the proposed techniques, various
experiments were performed on the industrial designs
described in Table 1 and the results are presented next.

A. Memory Overhead

The memory overhead for the proposed Npp dictionary
was first investigated. We preformed experiments on the seven
industrial designs listed in Table I. The first experiment is to
measure the memory overhead of the Nrp dictionary without
fault grouping. For each design, the memory usage of the
conventional effect-cause diagnosis is used as the baseline.
The extra memory used to load the proposed dictionary is
considered as memory overhead. The Npp dictionary memory
overhead for all seven designs is normalized by dividing the
memory usage for loading the design netlist and test patterns
and plotted in Fig. 4. Results are reported for values of
Nrp = 2,5,10,100,10%(all). The dataset All-bit simply
means that all unique signatures with no more than 108 failing
bits are stored into the Ngp fault dictionary, and is actually
equivalent to the dictionary of [26].

As we can see, the proposed N p dictionary can significantly
reduce the memory overhead by selecting a reasonable value
of Ngp, such as 2 or 5, compared to the fault dictionary
storing all signatures, and thus is applicable to the largest
modern designs. For example, for D5, if only signatures for
the failing patterns with no more than 2 failing bits are stored,
the memory overhead is less than 2% of the total memory
needed to load the design and the pattern set. Compared to
All-bit, it is about 7.X smaller. Even if a less aggressive limit
Npp = 5 is used, the normalized memory overhead, on the
average, is still low at 6.4%.

Another experiment was performed to investigate the effec-
tiveness of the proposed fault grouping technique. Similar to
the previous experiment, the memory overhead for the Npp
dictionary with fault grouping based on fanout-free regions is
measured and normalized. The normalized results are plotted
in Fig. 5 as N-bit + FFR. For ease of comparison, results
for the dictionary without fault grouping are also reported as
N-bit. Data for two typical values, Np.p = 2 and Npp = 5,
are presented.

It can be seen that the proposed technique of grouping faults
based on FFRs, can effectively reduce the memory overhead
of the proposed Npp dictionary. For instance, for design D7,
the fault grouping based on FFRs can reduce the normalized
memory overhead of Nrpp = 5 dictionary by about 53.7%,
from 9.5% down to 4.4% of the total memory for loading
the design netlist and test patterns, which is even smaller than
the original Npp = 2 dictionary without fault grouping. On
average, fault grouping can reduce the memory overhead of
the Npp dictionary by 65.0% for Npp = 2 and by 48.5%
for Npp = 5. In addition, the average memory overhead of
Npp = 5 dictionaries with fault grouping based on FFRs is
only 3.3% of the total memory to load design and patterns, and
should not be an issue even for very large industrial designs. In
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Fig. 4. Memory overhead of Ngp dictionary without fault grouping

TABLE III
MEMORY OVERHEAD N pg VS. SMALL DICTIONARY [26]

D1 D2 D3 D4 D5 D6 D7
5-bit 0.298 | 0.389 | 0.375 | 0.287 | 0.366 | 0.479 | 0.417
2-bit 0.107 | 0.158 | 0.178 | 0.112 | 0.142 | 0.243 | 0.194
5-bit+FFR || 0.160 | 0.202 | 0.187 | 0.151 | 0.216 | 0.251 | 0.192
2-bit+FFR || 0.036 | 0.055 | 0.065 | 0.038 | 0.055 | 0.090 | 0.065

cases where the memory budget is extremely tight, we can use
the Npp = 2 dictionary with fault grouping, whose average
memory overhead is less than 1% and thus almost negligible.
For easy comparison with the dictionary proposed in [26], the
memory overhead of the proposed Nrp dictionary is normal-
ized by dividing the memory overhead of All-bit dictionary,
and reported in Table III. As explained before, the All-bit
dictionary is equivalent to the small dictionary proposed in
[26]. It can be seen that the memory overhead of the proposed
Nrp dictionary is significantly smaller than [26]. For example,
the Nrp = 2 dictionary with fault grouping for design D1
is only 3.6% of the size of the All-bit dictionary, i.e. 27.8X
smaller than [26]. On average, the memory overhead of the
Npp = 2 dictionary with fault grouping is 17.2X smaller
than [26]. When Ngp is increased to 5, the average size of
proposed dictionary with fault grouping is still 5.2X smaller
than the size of the dictionary in [26]. Even with such a
dramatically reduced size, the proposed dictionary can still
achieve a similar performance improvement as [26] for most
designs.

B. Event Reduction

After investigating the memory overhead of the proposed
Npp fault dictionary, experiments were performed to deter-
mine performance improvement using the proposed diagnosis
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algorithm. For each design listed in Table I, 100 fail logs
were created by simulating randomly selected single stuck-
at faults. Both clock-related faults and chain-related faults
are excluded. A conventional effect-cause diagnosis algorithm
is used to diagnose all fail logs, and the results are used
as baseline for comparison. The same set of fail logs are
also diagnosed by the proposed diagnosis algorithm using
the Npp fault dictionary with/without utilizing fault group-
ing technique, Npp = 2,5. Since only the failing pattern
processing is targeted in this work, our analysis will focus on
the improvement for processing failing patterns. For different
diagnosis runs, the number of events triggered and the CPU
time consumed during processing failing patterns are used as
metrics for evaluating performance. An event is defined as
evaluating the value of a gate during fault simulation. Unlike
CPU time, the number of events is independent of run time
environment and specific implementation of the procedures.

We first investigated the reduction of the number of events
triggered during simulating failing patterns on the initial set
of candidates by the proposed algorithm with the Npp fault
dictionary. For each design, the total number of events is
computed for 100 fail logs diagnosed. The reduction of the
number of events is computed by dividing the total number
of events for the conventional effect-cause diagnosis by the
number of the proposed algorithm. Results are plotted in Fig.
6. It can be seen that the total number of events triggered
during simulating failing patterns can be dramatically reduced
by using the proposed algorithm, and thus the diagnosis
performance can be significantly improved. For design D4,
the Npp dictionary can help to reduce the number of events
by about 100.X. On average, 16.1X ~ 22.7.X reductions in the
number of events are achieved by four different dictionaries.
Another interesting observation is that the proposed fault
grouping technique based on FFRs causes a minimal increase
in the number of events relative to the case when fault group-
ing is not used. For example, for the Nrpp = 2 dictionaries,
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the average reduction in the number of events only drop by
9.6%, from 17.8X down to 16.1X, when fault grouping based
on FFRs is adopted. The reason is that the extra candidates
introduced by fault grouping typically have a local effect and
can be quickly dropped during simulation. Therefore, there is
no significant impact on the reduction of the number of events.
Because of the significant saving in dictionary size using fault
grouping, for example, on average 65.0% saving for Npp = 2,
fault grouping should be preferred.

C. Run Time Speedup

The speedup of run time for processing failing patterns
was also investigated. The average CPU time for analyzing
all failing patterns for a fail log is computed for all 100 fail
logs for each design. The speedup for each run is computed
by dividing the average CPU time of the standard effect-cause
algorithm by the run time of the proposed procedure. The same
set of Nrp dictionaries as above are used and the results are
presented in Fig. 7.

As we can see, a significant performance improvement is
achieved by the proposed algorithm using Npp = 2,5
dictionaries. On average, a 2.9X ~ 4.3X speedup is achieved
by different runs for the seven designs. For design D6, higher
than 6.0.X speedup is achieved by the proposed algorithm with
Npp = 5 dictionaries, both with and without fault grouping.
In addition, it can be seen that the Npp = 5 dictionary with
fault grouping has a very similar speedup as the dictionary
without fault grouping, but a much smaller memory overhead,
which makes it a preferred tradeoff.

Compared to the extreme case, where Npp = 108, the
Nrpp = b dictionary with fault grouping can achieve a
similar high speedup for four out of seven designs, D1 to
D4, with a much smaller memory overhead. For the other
three designs, D5 to D7, there is still plenty of room for
improving performance by increasing Nrp, which means a
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higher speedup can be achieved by using a larger dictionary
if more memory is available. For example, the speedup for
D5 can be increased from 5.3X of the Npp = 5 dictionary
with fault grouping to 26.2X using All-bit with a cost of
4.6X memory overhead. One proper way to use the proposed
techniques is to first determine the memory budget and then
create a Npp dictionary as large as can be accommodated to
achieve a higher performance.

V. CONCLUSIONS

We proposed a new Npp dictionary with minimal size

which seamlessly works with the X-algorithm normally
used in effect-cause diagnosis procedures to speed up
the conventional effect-cause algorithm. The diagnosis
performance is significantly improved by replacing X-
algorithm with efficient dictionary query for failing patterns
with a small number of failing bits, which drastically reduces
the number of events triggered by simulating failing patterns.
The same high accuracy and resolution of diagnosis results as
the standard effect-cause diagnosis is guaranteed. The memory
overhead of the proposed Npp dictionary is minimized by
only storing unique signatures for failing patterns with no
more than Ngp failing bits, and grouping faults based on
fanout-free regions. The minimal memory overhead makes
sure that the proposed dictionary and the diagnosis algorithm
is applicable to the modern large designs with tens of millions
of gates. Flexible tradeoffs between memory overhead and
performance improvment can be easily achieved through the
configurable parameter Ngp of the proposed dictionary.
As to the creation time for the proposed dictionary, it only
takes a few hours for the largest design D5. Therefore such
one-time cost could be justifiable when one needs to process
thousands of failed dies.
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