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ABSTRACT
In optimizing high-performance designs, speed limiting paths (speedpaths) impact the performance and power trade-off. Timing tools
attempt to model and capture all such paths on a chip. Due to the
high performance nature of these designs, critical paths predicted
by the timing tools often do not match the actual speedpaths found
on silicon chips. Early silicon data therefore is used to identify the
speedpaths, and further performance optimization is carried out by
pushing the delays on these paths. In this context, the paper presents
a novel data mining approach that analyzes a small number of identiﬁed speedpaths against a large number of non-speedpaths. The
result of this analysis for each speedpath is a set of hypotheses explaining why the path is special. These hypotheses can be used in
guiding the search for the root causes, or in predicting additional
paths as potential speedpaths. We demonstrate the feasibility of this
approach and summarize our ﬁndings based on analysis of silicon
speedpaths collected from a 65nm microprocessor.
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the design process. Therefore, for high-performance high-volume
microprocessors, it is often more (cost) effective to uncover speedpaths using actual silicon samples. In each silicon stepping, a set of
speedpaths are identiﬁed where performance is further improved by
pushing the delays on these paths. If causes can be established to explain the speedpaths, this information can be feedback to the design
and more paths can be identiﬁed as potential speedpaths which can
be ﬁxed before they show up as speedpaths in the subsequent silicon
stepping. These iterations continue until the performance is pushed
to a satisfactory level, at which time design changes are frozen and
mass production begins.
Each silicon stepping has signiﬁcant associated manufacturing
cost. Additionally, identifying and verifying silicon speedpaths demands a huge amount of engineering effort. Because of the high
cost, the number of speedpaths found at each silicon steppings is
typically small, for example in the 10’s or 100’s. Hence, once this
small set of speedpaths are collected, they are treated as precious
resources. One desires to uncover and utilize the information presented with these paths as much as possible for guiding performance
optimization before the next silicon stepping. However, it is not always obvious what the most effective approach is to best uncover
and utilize the information on a few identiﬁed speedpaths.
1. Root-cause
analysis/debug

Speedpath, Timing Analysis, Data Mining

1.

INTRODUCTION

For high-performance design, timing analysis and performance
optimization does not stop at the ﬁrst silicon. Silicon information
is analyzed carefully to drive further speed and power optimization.
This process is called silicon steppings, that involves detection and
improvement of speed limiting paths (speedpaths). A speedpath is
a path that limits the performance of a chip where the performance
can be measured by observing the result of applying (functional)
legacy tests. Because speedpaths can be observed at different cycles
of such a test, a single chip can have multiple speedpaths [1].
Due to the nature of high performance design, speedpaths are not
well-predicted by typical timing ﬂows. The deﬁciency comes due
to a multitude of process, design and environmental effects that are
either unknown or too difﬁcult to model and simulate accurately in
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Figure 1: Three approaches to analyze speedpaths
There exists two ways by which one may use the information to
ﬁnd additional speedpaths. Figure 1 illustrates the two approaches:
root-cause analysis, and direct inference [2]. In root-cause analysis,
one tries to obtain the root cause(s) as why a path is a speedpath.
The root cause(s) can then be used to identify potential speedpaths
by ﬁnding all paths containing the same cause(s). While root-cause
analysis is intuitive, it may not be the most desirable approach because of the usual high cost associated with it [3]. Direct inference
offers a short-cut for ﬁnding potential speedpaths. If ﬁnding potential speedpaths is our ultimate goal, then one can simply collect all
paths whose characteristics are very similar to the identiﬁed speedpaths. This is a search-by-similarity strategy and in this approach,
one does not need to know the reasons behind speedpaths.
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In [2], the authors present a direct inference method that utilizes one-class support vector machine (SVM) [4] to implement the
search-by-similarity strategy. The result of this learning is a oneclass SVM model that characterizes the speedpaths. This model can
then be used to scan all other paths and rank them according to their
similarities to the speedpaths. From this ranking and a proper selection criterion, potential speedpaths can be derived.
The direct inference approach is attractive because it avoids the
difﬁculty of ﬁnding the root causes. However, it does not offer the
advantage for ﬁnding guides to improve timing models and tools.
Furthermore, it may not be as effective as the root-causing approach
for ﬁnding all potential speedpaths. For example, a speedpath and a
potential speedpath may share the same root cause and hence, they
are similar if one focuses the comparison of their characteristics only
on the cause. However, they may be deemed dissimilar by the direct inference because direct inference has no idea about the speciﬁc
cause and utilizes the overall characteristics of the two paths as the
comparison basis for deciding similarity. From this perspective, we
see that the direct inference, although much more efﬁcient, may only
ﬁnd a subset of the potential speedpaths.
The limitation of the direct inference approach and the high cost
of the root-cause analysis approach, motivate the development of a
third approach, the hypothesis pruning and ranking (HPR) as shown
in Figure 1. In the HPR approach, we assume two sets of paths are
given, a small set of speedpaths and a large set of non-speedpaths.
Because the speedpath set is small, we further assume that there is
a signiﬁcant degree of diversity in the characteristics of those paths.
Note that if this assumption is not true, one can use the approach
in [2] to group paths because one-class SVM in essence produces
clusters where similar paths are grouped together. The set of nonspeedpaths can be found by ﬁnding all paths sensitized by the tests
and do not show up as speedpaths in testing. While a speedpath set
may contain tens of paths, a non-speedpath set may contain millions.
The strategy of the HPR approach is to analyze each speedpath
individually against the information presented in the non-speedpath
set. Conceptually, this is achieved by two steps: (1) forming a hypothesis space that contains all the hypotheses of interest, (2) pruning the impossible or unlikely hypotheses based on information presented with the non-speedpaths, and if possible further ranking the
remaining hypotheses. The result of HPR approach is therefore a
rank of hypotheses and this rank may be based on a partial ordering.
Top hypotheses (that describe special characteristics of the speedpaths) from the rank can be used for two purposes, for guiding the
search in root-cause analysis and, as that in the direct inference approach, for ﬁnding potential speedpaths.
In this paper, we present two methods to implement the HPR approach. For forming the hypothesis space, the two methods use the
same idea of incorporating features to describe path characteristics
as that introduced in prior works [2, 5]. However, for pruning and
ranking, the two methods employ different techniques. The ﬁrst
method utilizes techniques derived from Association Rule Mining
[6, 7] that is often applied to mining large business database. The
second method utilizes the kernel learning concept in SVM [4] in
conjunction with the rule analysis. While the ﬁrst method is more
intuitive to understand, we will demonstrate that the second method
is much more ﬂexible and easier to implement. Through experiments, we will demonstrate that the second method can ﬁnd all top
hypotheses found by the ﬁrst method. The experiments are based on
silicon speedpaths from a 65nm microprocessor.
The rest of the paper is organized as the following. Section 2 discusses the use of features to form the hypotheses space and points
out the fundamental challenge in the HPR approach. Section 3
presents the basic concepts in rule mining. Section 4 discusses the

concept of conﬁdence and presents a way to evaluate the conﬁdence
of a hypothesis in the context of proposed hypothesis pruning and
ranking. Section 5 presents the ﬁrst method and Section 6 presents
the second method. Section 7 presents the experimental results and
Section 8 concludes.

2.

FEATURES AND HYPOTHESIS SPACE

A hypothesis space is formed based on features. A feature can
be seen as an indicator of potential concern on a path. There can
be two types of features, occurrence based and description based.
An occurrence based feature has a binary value. For example, a cell
by itself can be a feature. Then, given a path, if the path contains
the cell, the value of that feature is 1. Otherwise, the value is 0. A
description based feature has a numerical value. For example, the
capacitive load associated with a speciﬁc cell on a path can be a
description based feature.
Given a set of n occurrence based features F = {f1 , . . . , fn },
the initial hypothesis space is the power set 2F . In other words,
a hypothesis is simply a combination of features. However, on a
speedpath, usually not all features would appear. Suppose m features (denoted set Q) appear on the path, then the hypothesis space
for the speedpath is the power set 2Q . This is because if a feature
does not appear on the path, it cannot be used to explain why the
path is special. From this perspective, we see that even though one
may use a large set of n features to describe all paths, on analyzing a single speedpath, the search space can be much smaller, i.e.
m  n. However, even for m in the order of tens, this search space
can still be too large to enumerate explicitly. Hence, in the analysis,
the hypothesis space exists implicitly.
If F contains n description based features, then a hypothesis space
essentially contains an inﬁnite number of hypotheses. The intuition
to see this is by linking description based features back to occurrence based features. To form a hypothesis space as the power set
of the features, one needs to convert n description based features
into n corresponding occurrence based features. However, there are
inﬁnite many ways for this conversion.
For example, suppose we have two description features, A and B.
Suppose on a speedpath p the characteristic is described as {A =
0.2001, B = 0.4}. Suppose we have two non-speedpaths with
the feature vectors described as {A = 0.2, B = 0.5} and {A =
0.3, B = 0.3}. To explain p, one can convert A, B into two occrrence based features A0 , B0 where A0 has value 1 if A = 0.2001,
A0 = 0 if A = 0.2001, B0 = 1 if B = 0.3 and B0 = 0 if B = 0.3.
Observe that A0 , B0 are very speciﬁc to the path p.
Alternatively, one may think that A0 , B0 are too speciﬁc and
replace them with two new features: A1 , B1 where A1 = 1 if
A1 ∈ {A > 0.2001 ∩ A < 0.2002} and B1 = 1 if B1 ∈ {B >
0.35 ∩ B < 0.45}. In the second conversion method, two ranges
are used for the two features. As we can see, there are inﬁnite many
ways to decide on these two ranges to create the two occurrence
based features for deriving the power set where each way would interpret the hypotheses in the hypothesis space differently. Hence the
hypothesis space becomes inﬁnite.
This simple example illustrates that in the continuous space, there
are inﬁnite many ways to partition the space to form a set of hypotheses. Hence, the fundamental challenge in hypothesis ranking
is how to perform effective search in a continuous hypothesis space.

2.1 Selecting features
Usually, a speedpath is due to effects that are not accounted for in
the timing ﬂow. This can be because their rarity of occurrence along
with the large additional cost to model them. Selecting a proper
set of features to begin undoubtedly requires some knowledge about
these unaccounted effects. Although this is an important step for the
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{}
Path
P1
P2
P3
P4
P5
P6

F1
1
1
0
0
1
0

F2
1
1
1
1
1
1

Feature
F3 F4
1
1
1
0
1
1
1
1
1
0
1
1

F5
0
1
0
1
1
0

2{1,2}

2{1}

5{2}

5{3}

3{4}

2{1,3}

0{1,4}

5{2,3}

3{2,4}

2{1 2 3}
2{1,2,3}

3{2 3 4}
0{1 2 4} 0{1,3,4}
0{1,2,4}
0{1 3 4} 3{2,3,4}

Table 1: Sample Data
proposed approach to be effective, it should not be seen as a severe
limitation for the following reasons. First, the approach does not
require to select a minimal set and hence, if one is not sure about
some features, the solution is simply to include them. Second, a
feature is a single-order effect that can be part of the concern. Usually, it is not too difﬁcult for an experienced designer (or a process
engineer) to point out such single-order effects. For example, a design can list a set of cells that she/he feel less conﬁdent on their
timing modeling. Third, a missing feature does not necessarily degrade the effectiveness of the approach signiﬁcantly. For example,
suppose the root cause is a combination of three features {A, B, C}
and suppose the feature set only includes A and B. This does not
imply that the hypothesis {A, B} will not be ranked high. From the
viewpoint of ﬁxing the potential speedpaths, ﬁxing all paths with
{A, B} would have included the paths with {A, B, C}. This may
lead to over-ﬁxing, but the effectiveness with respect to the performance improvement does not suffer.
The authors in [2, 5] group features into ﬁve categories of effects:
Topological effects that are layout dependent, Dynamic effects that
are test patterns dependent, Static effects that are independent of test
patterns, Statistical effects that are process dependent, and Random effects that do not belong to the previous four. From the set of
effects described above, an engineer develops thus a set of features
that can potentially be used to differentiate between non-speedpaths
and speedpaths. In this work, based on our domain knowledge and
application scenario we chose the following features:
1. Active device type in a path due to logic sensitization. These
are based on four different ﬂavors of N and P MOS transistors.
2. The predicted arc or stage delay for a particular cell in the
path. This is a function of input transition time, output load
and net resistance and capacitance.
3. Percent of total path delay due to the nets as opposed to cells.
%N et = N etDelay/(T otalP athDelay)
4. Dynamic switching activity in the region.
5. Cross coupling aggressor impact.
6. Temperature variation, using Infrared Emission Microscopy
to obtain a temperature map during functional operation [8].
Note that most of the features are description based. With these
features every path can now be described as a feature vector.

3.

HYPOTHESIS PRUNING

To illustrate the process of hypothesis pruning, Table 1 shows a
simple example with a single speedpath, P1, and ﬁve other nonspeedpaths, paths P2,. . .,P6, where each path is descried with with
ﬁve occurrence based features, F1-F5. The hypothesis space, i.e.
the power set, is illustrated as a concept lattice as shown in Figure 2.
Notice that in the lattice, feature F5 does not appear because it does
not appear on the speedpath. In this lattice, each node represents a
hypothesis which can also be called a monomial.
For example, {2} denotes the single-order hypothesis {F2}. We
call it ”single-order” because it consists of one feature. Note that
since F2 appears on all ﬁve non-speedpaths, its coverage by the nonspeedpath set is 5. Similarly, the coverage of {F2,F3} is also 5. This
is why a label ”5” is on the left of the node {2, 3}.

3{3,4}

0{1,2,3,4}

a cut

Figure 2: The lattice view of the hypothesis pruning
Because the monomial {1,4} does not exist on any of the nonspeedpaths, its coverage is zero. Since {1, 4} is not covered, all its
decedents in the lattice are not covered. The four hypotheses with
coverage zero are therefore the ones left after the pruning process.
They are considered consistent with the dataset presented, i.e. not
appearing on any of the non-speedpaths. The monomial {1, 4} is a
2-order hypothesis because it consists of two features. In general,
one would like to ﬁnd the lowest-order hypotheses that are consistent with the dataset and are not the decedents of any other hypothesis. This is because (1) it is easier to process the information presented in lower-order hypotheses than higher-order hypotheses, and
(2) any higher-order hypothesss consistent with the dataset would
have been included in its corresponding lower-order hypothesis.
Finding all the lowest-order hypotheses consistent with the dataset
translates to ﬁnding a cut on the concept lattice. Above this cut
are all nodes with non-zero coverage by the non-speedpaths. In
Figure 2, the cut would separate the four nodes {1, 4}, {1, 2, 4},
{1, 3, 4}, {1, 2, 3, 4} from the rest of the nodes.
Finding a cut in such a lattice can be challenging if the lattice size
is very large. Various algorithms were proposed in association rule
mining [6] for efﬁcient ﬁnding of such a cut. For example the very
ﬁrst Apriori algorithm [9] is based on a breadth-ﬁrst search strategy. If one expects the cut deep in the lattice (from the top), the
maximum itemset algorithm MAFIA [10] that follows a depth-ﬁrst
search strategy, would be more efﬁcient. The difference between association rule mining and the hypothesis pruning in our work, lies in
the ways to decide consistency. In hypothesis pruning, this consistency is decided by checking if a hypothesis appears on any one of
the non-speedpaths. In rule mining, the consistency of an itemset (an
itemset corresponds to a node in the lattice) is decided by a supportconﬁdence evaluation [6]. The support calculation corresponds to
the consistency checking in our formulation. Several methods have
been proposed for efﬁcient calculation of the support [11]. For hypothesis pruning, the bit-set based representation proposed in [10]
provides good efﬁciency for implementation.

4.

CONFIDENCE AND ITS EVALUATION

The next step is to evaluate the conﬁdence for hypothesis {F1,F4}
(which will be same for all three higher-order hypotheses below it).
The simplest way to evaluate the conﬁdence is to calculate the ratio of the lattice space that is covered. Figure 3-(I) illustrates this
concept. By assuming that the empty hypothesis is always covered,
we see from Figure 2, 12 out of the 16 nodes are covered. Hence,
the conﬁdence is 75%. In evaluating all speedpaths individually, all
decedents of {F1 , F4 } would also have the same conﬁdence. Hence,
with this method, we cannot differentiate in between the hypotheses
that are consistent with the dataset. We can, however, compare the
conﬁdence obtained based on one speedpath path to another.
The idea to relate conﬁdence to the size of the non-covered subspace H can be justiﬁed with a simple probability argument as the
following. For a hypothesis h ∈ H, denote the probability that h
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(I) Occurrence
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a cut based
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(II) Description
Figure 3: Conﬁdence measured as coverage in hypothesis space
is not true as error(h). We want error(h) < . The probability
that h is not true and h does not appear on m randomly selected
non-speedpaths is ≤ (1 − )m . For all hypotheses in H, any one
of them is not true and does not appear on m randomly selected
non-speedpaths is therefore ≤ |H|(1 − )m ≤ |H|e−m . Suppose we want this probability to be bounded by δ. Then, we can set
1
δ= m
ln( |H|
). In this equation (1 − δ) is the conﬁdence that is a

function of |H| and the error probability . We see that for a given
, the larger the |H| is, the smaller the (1 − δ) is.

4.1 Dealing with description based features
As discussed in Section 2, for description based features, a concept lattice can be formed by converting the features into occurrence
based features. Once such a conversion is decided, the resulting lattice for the speedpath is determined. Then, a cut can be found on
this lattice based on the non-speedpaths. Below we discuss how the
conversion method can inﬂuence the location of such a cut.
Suppose we are given with a set of features whose values fall
into the range [0, 10]. A simple way to convert these features into
occurrence based features is to divide the range into two sub-ranges
of equal length: [0, 5), [5, 10]. Note that given a speedpath, any
one of its features will fall into either one of these two sub-ranges
but not both. This is also true if we, instead of dividing the range
into two, divided it into four sub-ranges of equal length. Suppose
in a process, we continue to divide [0, 10] into into 2, 4, . . . , 2i subranges of equal length to build a sequence of hypothesis lattices for
a speedpath. Notice that in this lattice, the name(s) of the feature(s)
labeling each node do not change. They are the features appearing
on the speedpath. Hence, all the lattices have the same size. The
only thing that changes is the sub-range each feature falls into. In
the process, we call each way to divide the range a discretization
method. We say that the jth discretization has a lower resolution
than the (j + 1)th discretization.
Given such a sequence of lattices and a non-speedpath set, we
can obtain a sequence of cuts, one on each lattice. Figure 3-(II) illustrates that the cut from a higher resolution discretization cannot
be lower than a cut from a lower resolution discretization. The intuition behind this is that a higher resolution discretization means
a smaller sub-range speciﬁed for each feature on the speedpath. A
smaller sub-range means it would be harder for feature values from
the non-speedpaths to fall into that sub-range, and therefore some
nodes covered before with a bigger sub-range, could become uncovered. Intuitively, what this is showing is that, a higher resolution
discretization scheme would result in hypotheses that are ”more speciﬁc” to the speedpath, which may reduce their conﬁdence because
of reduced coverage on its corresponding lattice.
Following the example discussed in Section 2 before, for example, a hypothesis h1 : {A ∈ [0.2, 0.25], B ∈ [0.35, 0.45]} would be
considered more speciﬁc than h2 : {A ∈ [0.2, 0.3], f2 ∈ [0.3, 0.5]}
because the sub-ranges associated with the two features in h1 are
smaller. Based on our conﬁdence evaluation scheme, the conﬁdence

of h1 is ≤ the conﬁdence of h2 .
It is clear from the discussion that if we intend to ﬁnd the hypotheses with the highest conﬁdence, then we would use the lowestresolution discretization scheme. However, this may correspond to a
cut lower in the lattice and return hypotheses with very high-orders.
High-order hypotheses are less preferred because they can also be
too speciﬁc to the speedpath (in the extreme case, one can say that all
features together on the speedpath is the reason but this tells us little
information regarding why the path is special). Hence, in searching
for good hypotheses, we will try to ﬁnd the ones in the low orders
(such as 2nd, 3th) with the lowest discretization resolution such that
in the resulting lattice, the hypotheses are consistent with the given
dataset and never appear on the non-speedpaths.

5.

DISCRETIZATION METHOD

The discretization strategy is commonly utilized most of the association rule mining research where items are with numerical values.
The most reasonable method for discretizing continuous features is
based on one’s intuition, i.e. design knowledge on the features. For
those features that are not so intuitive, systematic methods can be
used. The three basic approaches are, equal frequency (EF), equal
width (EW), and clustering which includes methods such as fuzzy
clustering, K-means, and Self Organizing Map [12].
Equal width divides a range into k equal sized intervals. Equal
frequency divides a range into k intervals where in each interval,
the number of instances within is the same. Clustering on the other
hand, tries to ﬁnd best boundaries to partition a range so that most
of the values would be away from the boundaries.
Figure 4 shows a histogram of the feature values based on a particular feature on both the speedpaths and the non-speedpaths. The
feature is the output load of a speciﬁc gate type. In the ﬁgure, x axis
shows the number of paths, and the y axis shows the feature values,
both are normalized to 1. When deciding how to divide the feature
values into sub-ranges, there is no easy way to determine the best
number of bins to be partitioned and the location of those bins.
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Figure 4: Normalized Capacitance Distribution
We began by identifying which features could be divided using
intuition based on domain knowledge. For example, if the load of
a gate is a feature, and design engineers believe that gates with a
load within 5% of the maximum speciﬁed load are more likely to
contain delay mismatch and should be treated separately from all
other gates, it could be binned accordingly.
For the remaining features we experimented with equal width,
equal frequency as well as fuzzy clustering algorithm. We discovered that because most of the features have a distribution similar to
the one shown above, equal frequency is not effective. When experimented with equal width and clustering, we discovered that results
are similar. Since equal width is more intuitive, we chose equal
width as the main discretization method for the experiments.
Given a hypothesis order i, we tried to ﬁnd the lowest resolution
discretization such that there exists one or more ith-order hypotheses consistent with the dataset. This can be achieved by ﬁnding the
lowest resolution discretization for each of the i feature combination
such that with the discretization, the resulting hypothesis is consis-
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tent with the dataset. To do this, we implemented a greedy search
approach. For each i feature combination f1 . . . fi with corresponding value ranges R1 . . . Ri , in each step of the greedy search, one
of the ith range is selected and the partitioning on the range is increased by one. Take each range Rj . Let the hypothesis based on the
current discretization be h1 . Let the hypotheses after increasing its
partitioning by one, be h2 . Let n1 be the number of non-speedpaths
on which h1 appear, and n2 be the number of non-speedpaths on
which h2 appear. The greedy is to select Rj such that its n1 − n2
is the largest. This tries to make a consistent hypothesis out of the i
features by minimizing the number of partitions across all ranges.

the hypersphere is output as the new conﬁdence measure for the hypothesis. With this new conﬁdence measure, on a given hypothesis
order, we can rank all hypotheses in that order and output the top N
hypotheses. The intuition behind using D as a conﬁdence measure
is illustrated in the simple one-dimensional picture in Figure 6.

6.

Figure 6: Linking maximum distance to the smallest number of bins in
equal width discretization method

Max-margin hypersphere
Non-speedpaths
Non-speedpaths
Speedpath

Distance D to
the closest non-speedpath
Kernel induced metric space
based on only the features in the hypothesis

Figure 5: Find the hypothesis with maximum margin
Figure 5 presents an alternative method that is easier to implement
and more robust. The method is based on ﬁnding a hypersphere with
maximum separation margin in a kernel induced metric space. This
concept is borrowed from a Support Vector Machine (SVM) classiﬁcation algorithm [4] where a kernel function is used to map the
input space onto a high dimensional kernel space (formally as Reproducing Kernel Hilbert Space (RKHS)) [4] and ﬁnd a maximum
margin separation hyperplane in that space.
Given a hypothesis, we use the Gaussian kernel function k(v , vi )
to evaluate the similarity between the speedpath v and each nonspeedpath vi based on only the features in that hypothesis. Then,
for the hypothesis, we ﬁnd the maximum margin hypersphere, centered at the speedpath path, to separate the speedpath from all good
paths in the kernel induced metric space. Finding the hypersphere
is equivalent to ﬁnd the good path with the closest distance. Given
a kernel k(), the distance between two feature vectors x, z can be
calculated as k(x, x) − 2k(x, z) + k(z, z) [4].
The important thing to note is that the distance is calculated based
on only the feature values presented in the hypothesis. If a nonspeedpath does not contain any one of the features in the hypothesis,
the distance becomes inﬁnity. Furthermore, the distance is calculated in a space induced by the kernel. Hence, if we desire to change
the space (i.e. change how feature values are interpreted), we only
need to change the kernel function. The work in [5] discusses the
ﬂexibility of using such a kernel. Because different feature values
can meaning different things, proper interpretation of their values
can be built into such a kernel. This provides the ﬂexibility for a user
to change how feature values are interpreted, for example weighting
one subset of features more than another subset.
With the maximum margin method, the radius (distance) D of

Non-speedpaths

speedpath
Maximum size of interval allowed for the
equal-width discretization to differentiate
speedpath from non-speedpaths

The example illustrates what maximum margin separation means
in a one-dimensional Euclidean space. We see that the maximum
margin D is the distance to the closest non-speedpath. Using D,
one can think that it translates into the width in equal width method.
This ﬁgure shows that the larger the D is, the less the number of bins
can be with the equal width method, i.e. lower resolution and hence
higher conﬁdence. We see that intuitively, using D as a conﬁdence
measure concurs with the conﬁdence deﬁnition from the perspective
of a concept lattice discussed before. Because of this, we expect
the discretization method and the maximum margin methods to give
similar results. However, it is also noted that the one-dimensional
Euclidean view does not imply the two methods are the same. When
considering a multi-dimensional space and a kernel, the maximum
margin method may rank hypotheses differently from the less ﬂexible equal width discretization method.

7.

EXPERIMENTAL RESULTS

For the experiments, we use the same speedpath dataset used in
[2]. The design is a high performance microprocessor fabricated in
a 65nm node. The dataset contains 56 speedpaths and 19000 nonspeedpaths. These paths are encoded with 74 description features.
In each analysis, hypotheses are ranked and derived from a speedpath. For example, by applying the maximum margin method to one
speedpath and ranking all its 2nd-order hypotheses, we obtained the
result in Figure 7. We see that two hypotheses stand out.
# of hypo
otheses found

MAXIMUM MARGIN METHOD

Given a ﬁxed order, for ﬁnding the highest conﬁdence hypotheses in that order, the discretization method tries to ﬁnd the lowest
resolution discretization such that one or more resulting hypotheses in that order do not appear on any non-speedpaths. Although
discretization is conceptually easy to understand, we also observe
that the greedy method is only a heuristic that conceptually tries to
achieve the ”lowest resolution.”

D

Non-speedpaths
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highest confidence
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Higher confidence
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Figure 7: An example of hypothesis ranking (2nd-order)
We applied both methods, the equal width discretization (DS)
method and the maximum margin (MM) method, to analyze the
56 speedpaths individually against the 19K non-speedpaths. We
tried to ﬁnd hypotheses in the order from 1 to 4. With the DS
method, the lowest resolution discretization for each order returns
one or more hypotheses. With the MM method, in each order the
top N hypotheses based on their conﬁdence ranking were selected,
for N = 1 . . . 5. To compare the MS method and the DS method, all
hypotheses found across the 56 paths were considered together. Figure 8 shows the comparison results. The % number shown indicates
in each case, how many hypotheses collected by the DS method are
also in the set of top N hypotheses found by the MM method. We
see that for the 1st-order, all hypotheses found by the DS method
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are also found by the the MM method for N = 1 (and for N =
2-5). For the 2nd-order, this is true for N = 3 and for the 3rd and
4th orders, this is true for N = 5. In general, we see that the MM
method ﬁnd all hypotheses found by the DS method with a small N .
% of the hypo
otheses found by the
DS meth
hod which are
also found b
by the MM method
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Figure 8: Discretization method vs Maximum margin method
To ﬁnd potential speedpaths, we devise a voting scheme where
top hypotheses found based on individual speedpaths are used to
vote for the possibility that a non-speedpath is a potential speedpath.
Recall that for a given hypothesis on a speedpath, its conﬁdence is
calculated as the distance to the closest non-speedpath. We normalize this distance by the order of the hypothesis and call it the normalized conﬁdence. The reason for doing this is that a higher order
hypothesis tends to have a larger distance because of the curse of dimensionality [4]. Normalizing the distance avoids giving preference
to the higher order hypotheses. Based on normalized conﬁdence, we
can then rank all 1st-4th order hypotheses together on a speedpath.
From each path, we select the top X hypotheses, and each hypothesis is the closest path in the maximum margin calculation. We add
the normalized conﬁdence of the hypothesis to that closest path as a
conﬁdence vote for the path to be a potential speedpath.
1.0
For example, based on the
voting from the top 3
hypotheses from all
speedpaths, we can set the
threshold here and find
20 potential speedpaths
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We manually analyzed several top hypotheses (MM method). The
ﬁrst hypothesis was a top 2nd-order hypothesis shared by 20 speedpaths. The hypothesis consisted of a signiﬁcantly high delay pushout due to coupling noise in combination with a slower than average
cell that had a speciﬁc active transistor device type. It is believed
the combination of these two features causes a speedpath due to inaccuracy in timing analysis for this device type when accounting
for coupling noise. The second hypothesis was a top 3rd-order hypothesis shared by 10 speedpaths. The hypothesis consisted of two
slower than average cells, in combination with a signiﬁcantly high
amount of switching activity. The third hypothesis was a top 2ndorder hypothesis shared by 3 speedpaths. This hypothesis consisted
of a combination of two slower than average cells unique to the
speedpaths. Additionally, unique 2nd-order and 3rd-order hypotheses were found on 21 speedpaths (no sharing with other speedpaths).
Similar manual analysis on them found them also reasonable.

8.

CONCLUSION

This paper presents a novel hypothesis pruning and ranking approach that analyzes a small number of identiﬁed speedpaths against
a large number of non-speedpaths for explaining why the speedpaths
are special. In our methodology, a hypothesis space is implicitly encoded using a set of features that represents single-order of concerns
in modeling, design methodology, and/or process. When using occurrence based features, the hypothesis space is a concept lattice.
Hypothesis pruning is to ﬁnd a cut on this lattice. Conﬁdence is
evaluated based on lattice coverage. When using description based
features, we present two methods to prune and rank hypotheses.
The ﬁrst method is based on value discretization and the second
method is based on ﬁnding maximum separation hypersphere. We
explain that the two methods are consistent and experimental results
also show that they can ﬁnd common hypotheses. To ﬁnd potential
speedpaths, we develop a voting scheme where a path is considered
as a potential speedpath with high conﬁdence if it receives more
votes from high-conﬁdence hypotheses found across all speedpaths.
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