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Abstract—Oxide breakdown has become an increasingly press-
ing reliability issue in modern very large scale integration design
with ultrathin oxides. The conventional guard-band methodology
assumes uniformly thin oxide thickness, resulting in overly
pessimistic reliability estimation that severely degrades system
performance. In this paper, we present the use of limited post-
fabrication measurements of oxide thicknesses from on-chip
sensors to aid in the chip-level oxide breakdown reliability
management. A key challenge, which is the focus of this paper,
is precisely predicting and managing the reliability condition
of each chip with a limited number of measurements and
quantifying the tradeoff between reliability margin and system
performance. Given the post-fabrication measurements, chip
oxide breakdown reliability can be formulated as a conditional
distribution that allows one to achieve a significantly more
accurate chip lifetime estimation. The estimation is then used to
individually tune the supply voltage of each chip for performance
maximization while maintaining or improving the reliability.
Experimental results show that, by using 25 measurements, the
proposed method can achieve an average of 19% performance
improvement, and a 27% maximum for a design with up to 50
million devices, with an average operation time of approximately
0.4 s per chip.

Index Terms—Optimization, oxide breakdown, post-
fabrication, reliability, variation.

I. Introduction

Due to aggressive technology scaling, designing a reliable
system has become more challenging than ever [1]. The
worsening process variation increases susceptibility of the
system to various wear-out mechanisms [2]. Among these
reliability issues, oxide breakdown (OBD) has emerged as
one of the most pressing concerns. As gate oxide thickness
is scaled down to the nanometer regime, the stronger electric
field across the gate insulator results in faster formation of a
conduction path through the dielectric layer, aggravating the
risk of destructive breakdown [3]. Even with the change of gate
dielectrics nature (high-k dielectrics), the oxide breakdown

Manuscript received May 31, 2012; revised September 4, 2012; accepted
November 9, 2012. Date of current version March 15, 2013. This work
was supported in part by the National Science Foundation. This paper was
recommended by Associate Editor Y. Cao.

C. Zhuo was with the Department of Electrical Engineering and Computer
Science, University of Michigan, Ann Arbor, MI 48109 USA. He is now with
Intel Corporation, Hillsboro, OR 97124 USA (e-mail: cheng.zhuo@intel.com).

D. Sylvester and D. Blaauw are with the Department of Electrical Engineer-
ing and Computer Science, University of Michigan, Ann Arbor, MI 48109
USA (e-mail: dennis@eecs.umich.edu; blaauw@umich.edu).

Color versions of one or more of the figures in this paper are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TCAD.2012.2228303

Fig. 1. Chip lifetime distribution for the ensemble of chips (blue dashed
curve) with oxide thickness variation of 3σ/μ = 4% [8]. The distribution is
computed by generating transistor oxide thicknesses that follow the variation
model in [10] and then simulating the failure time of each chip in a Monte
Carlo fashion.

still remains a major reliability issue for both interfacial and
high-k layers in high-k stacks [4].

The conventional worst-case guard-band methodology an-
alyzes chip OBD reliability by assuming a minimum oxide
thickness across the chip and then sets a supply voltage level
to ensure the required lifetime of the chip. Clearly, such
a strategy is overly pessimistic and enforces an overly low
supply voltage for the ensemble of chips, causing significant
penalty in the performance budget [2], [3]. In practice, no two
transistors are identical or have precisely the same character-
istics. Instead, they vary significantly from wafer to wafer,
reticle to reticle, die to die, and across the die. Thus, some
dies with thinner than average oxides are much more likely
to fail than others. To more accurately account for the impact
of thickness variation on lifetime prediction, there have been
recent works incorporating both inter- and intra-die variations
into a statistical lifetime analysis [5], [6] or accounting for the
circuit functionality and actual stress modes [7].

However, without measurement, designers are not able to
know the oxide thickness of an individual transistor on a
particular die or determine the specific lifetime expectation
from one chip to another. The methods in [5]–[7] or Monte
Carlo simulation only relies on the general process variation
knowledge, which results in a more accurate but still highly
spread lifetime distribution for any chip. This is partly due
to the lack of unique information of a particular chip. In
other words, it may unfairly imply that a chip with thicker
oxides bears the same risk to failure as the one with thinner
oxides. Fig. 1 presents the simulated chip lifetime distribution
(blue dashed curve) of 50 000 chips. The lifetime spread is
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partly from the innate randomness of the OBD mechanism,
but further increased by thickness variation. The variation has
an exponential effect on the tunneling current and injected
charge [8], [9]. This eventually leads to the lognormal shape
with a long tail of 908.8-years standard deviation and a 99.99%
reliability confidence point of 4.0 years.1 Without any other
information, those numbers will be considered the reliability
for all the chips of the design and used to determine the
maximum supply voltage. However, each chip has unique
oxide thickness conditions for each transistor, and hence some
chips are bound to have a significant lifetime margin that could
be traded off for higher performance by allowing these chips
to operate at a higher supply voltage.

If the oxide thickness of each individual transistor on a
fabricated chip can be measured, the lifetime distribution
for that chip would be significantly tightened. Fig. 1 also
shows the reliability for two particular chips, one with thinner
oxides (red curve with triangles, 132.3 years standard devia-
tion/99.99% reliability confidence point is 2.2 years) and one
with thicker oxides (black solid curve, 204.4 years standard
deviation/99.99% reliability confidence point is 5.9 years).
This can be noted from the figure.

1) The estimation based on the blue dashed curve may
cause 50%–100% difference from the actual condition.

2) The chip with a thinner oxide (red curve with triangles)
has a significantly higher risk to fail early and should be
operated with a lower maximum supply voltage, thereby
improving the overall reliability of the design. Con-
versely, the chip with a thicker oxide (black solid curve)
is less prone to failure and can be operated at a higher
supply voltage limit and hence obtain a performance
gain while still meeting the reliability target.

Thus, understanding the oxide thickness condition on a die can
result in both performance improvement and higher reliability.

Unfortunately, obtaining the oxide thickness condition for
all devices on a die is impossible in today’s chips with
hundreds of millions to billions of transistors. Recent advances
in compact oxide thickness sensors [11], [12] allow tens to
hundreds of sensors to be placed on a chip or even inside cores.
Thus, the key challenge, which is the focus of this paper, is:
how to precisely predict and manage the reliability condition
of each chip with a limited number of on-chip oxide thickness
measurements. This problem is nontrivial.

1) First, while the number of measurements is limited, the
number of transistors on a die in today’s technology
can be enormous, exceeding 1 billion. Therefore, it is
crucial to fully utilize the measurement information to
predict the oxide thickness for all devices as accurately
as possible.

2) Second, while we can measure the oxide thickness of
sensor device with reasonable accuracy, the thicknesses
of all other transistors remain uncertain and must be
modeled as random variables. Even with a fixed oxide
thickness, the reliability for a device itself is a random

1The reliability analysis typically requires more than 3σ confidence point
due to the large volume of transistors and chips [24]. The 99.99% reliability
confidence point is defined as the time when the first 0.01% chips fail.

Fig. 2. Proposed post-fabrication oxide thickness measurement-driven
supply voltage optimization flow.

function representing the probability the device can
survive to a certain lifetime [3]. The measurement-
driven chip reliability estimation, therefore, turns out to
have the form of a conditional multidimensional nested
stochastic process. Simple Monte Carlo simulation must
model both the random variation in oxide thickness
and the innate variation of OBD reliability itself and is
therefore extremely expensive in both time and memory.

3) Third, due to the ultrathin oxide thickness in today’s pro-
cesses, the discrete number of atoms along the vertical
dimension introduces a random, spatially uncorrelated
component to the oxide thickness variation. Hence, ox-
ide thickness across the chip shows noncontinuousness
and random nature from transistor to transistor. Recent
studies [13] on compressive sensing have exploited the
sparsity in frequency domain and achieved deterministic
process parameter estimation with a few measurements.
However, the independent variation and measurement
noise may induce high frequency components (nonspar-
sity) in the frequency domain and, hence, limit the
efficiency of compressive sensing to be applied in OBD
reliability.

In this paper, we propose a new statistical framework for
post-fabrication OBD reliability prediction and management
using a limited number of measurement points. The mea-
surements of oxide thicknesses for a subset of devices can
be conducted by on-chip sensors [11] or test structures [12],
which can easily be modified to assess the initial oxide
thickness instead of monitoring the degradation process.2

Fig. 2 illustrates the proposed post-fabrication flow, including
the OBD reliability prediction module using the introduced
OBD analysis. For each fabricated chip, the measurement is
performed once during post-silicon testing to find the initial
oxide thickness at the start of its lifetime. Then, the optimal
supply voltage limit is selected by the prediction module to
maximize performance while maintaining or improving chip
OBD reliability. Given the computed supply voltage limit, the
tester permanently stores the optimized supply voltage for each
chip using either fuses or embedded flash memory. This supply
voltage limit is then accessed by the dynamic voltage scaling

2For example, the sensor in [11] monitors the breakdown leakage, which is
exponentially dependent on the oxide thickness. The same sensor can be used
to collect the first few cycle data and calibrate the initial oxide thickness. The
process-dependent data can be characterized from test chips of the process to
enable such calibration.
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algorithms and, if available, dynamic reliability management
algorithms that control the chip operation during runtime.

The OBD reliability prediction and voltage tuning module
in this flow consists of three phases (which are also the major
contributions of the proposed work).

1) The first phase uses limited post-fabrication measure-
ments to reduce the uncertainty of the oxide thickness
for any unmeasured device. In our framework, we pro-
pose to separately account for the inter-die, intra-die
spatially correlated, random residual variation compo-
nents, and the measurement noise. We compute the inter-
die component using a maximum-likelihood estimation
method and the rest by leveraging the spatial correla-
tion between devices. Then, we construct a conditional
distribution based on the post-fabrication measurements,
while still preserving the correlation between devices in
a conditional covariance matrix.

2) Based on the conditional distribution, the second phase
applies conditional principal component analysis to pre-
dict the chip reliability [14]. The conditional principal
components are employed to derive a tightened lifetime
distribution of a particular chip for a given reliability
target. The chip lifetime is then bounded by a certain
confidence-level interval, the lower bound of which is
conservatively used for lifetime evaluation.

3) Finally, in the third phase, we present an optimization
flow to efficiently tune the chip maximum supply volt-
age. As a result, we can boost chip performance for
many chips while maintaining or improving reliability.

The remainder of this paper is organized as follows. In
Section II, we review the process variation model and oxide
breakdown reliability analysis. In Section III, we discuss how
to accurately estimate the oxide thicknesses of unmeasured
devices by treating inter- and intra-die variation components
separately. Section IV details the flow of chip reliability
prediction and management for performance maximization,
followed by the experimental results in Section V and the
conclusion in Section VI.

II. Review of OBD Reliability Analysis

The gate oxide degradation is dependent on oxide thickness,
transistor area, supply voltage, and temperature [3]. Although
many of the physical details are still under debate, most models
note the nondeterministic process of defect generation, even-
tually resulting in a statistically distributed oxide breakdown
time [16], [17] and the strong dependence of this random
process on oxide thickness. In this section, we will give a
brief review of the oxide thickness variation modeling and
previously developed statistical OBD reliability analysis.

A. Oxide Thickness Variation Modeling

The oxide thickness variation can be classified based on
the spatial scale over which it manifests [18], [19]. Given
the decomposition of global inter-die, intra-die spatially cor-
related, and random variation components, oxide thickness for
any device can be modeled as [10]

x = u0 + zg + zcorr + zε (1)

where u0 is the nominal oxide thickness. zg is the inter-
die variation component due to the long-range shifts in
oxidation temperature and pressure. Clearly, all the devices
on the same chip observe the same amount of zg in oxide
thickness, whereas zg varies for die to die. The fluctuation of
zg among different dies can then be modeled by a Gaussian
process N(0, σ2

g) [10]. zcorr is the intra-die spatially correlated
component that tends to affect closely placed devices in a
similar manner. It is typically modeled by a random vector
for m devices, zcorr = [zcorr,1, zcorr,2, ..., zcorr,m], which is a
multivariate Gaussian process [10], [18]

zcorr ∼ Nm(0, �corr). (2)

The subscript of N denotes the dimensionality of the random
vector, and �corr is an m×m covariance matrix for m devices.
A simplified spatial correlation model can be achieved by
partitioning the chip into N grids and assuming perfect cor-
relation within each grid [18], [19]. Thus, the devices within
the same grid have a correlation coefficient of 1 and bear
the same spatially correlated variation component, whereas the
devices in different grids (ith and jth grids) have a covariance
of ρi,jσ

2
corr, with a correlation coefficient ρi,j <1 [18]. The

last component zε in (1) is the independent residual variation
resulting from certain local device scale effects, which is
modeled as an independent Gaussian process N(0, σ2

ε ) [10].
In summary, σg, �corr, and σε denote the uncertainness of
the variation components at different spatial scales, which can
be either achieved from prior knowledge or extracted from
measurements as in [10], [20], and [21].

B. Review of Statistical OBD Reliability Analysis

A common failure criterion for OBD is soft breakdown
(SBD), which is initiated by a small gate leakage increase
and eventually followed by un-recoverable hard breakdown.
SBD is considered an irreversible process with gate leakage
increase up to several orders [3]. Some recent works have
also noted that the leakage increase does not necessarily lead
to circuit or logic failure and circuit may even survive after
several breakdowns [3], [7]. Thus, the selection of the failure
criterions actually depends on the application or the design
under investigation [3]. In this paper, we limit our analysis to
determining the initiation of SBD and use this as our failure
criteria for large chips, especially CPU designs [3]. In other
words, the proposed framework considers the system to have
failed as soon as breakdown occurs for any device on the chip.

Due to its stochastic nature, the breakdown time for SBD
is modeled as a random variable. The SBD randomness is
typically modeled by the Weibull statistics [4], [16], [17], [22].
Even though it is extremely difficult to directly measure the tail
cell behavior at a low percentile of the reliability distribution,
some earlier works applied Poisson area scaling and found
that the tail distribution converges consistently to the Weibull
statistics [22], [23]. Thus, in this paper, we follow the use of
Weibull statistics to model the innate randomness of SBD [4],
[7], [16], [17], [22], [23]

F (t) = 1 − e−a( t
α

)β (3)

where F is the cumulative distribution function (cdf) of time-
to-breakdown t, a is the device area normalized with the
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minimum device area, and α and β are the scale and shape
parameters of the Weibull model. β can be expressed as bx for
a given temperature and voltage, where x is the device oxide
thickness. The reliability function of a device is then

R(t) = P(T > t) = 1 − F (t) = e−a( t
α

)bx

. (4)

Since oxide thickness is nondeterministic at the design
stage, the device reliability can be interpreted as the condi-
tional reliability given its oxide thickness and can be written
as R(t|xi)

Ri(t|xi) = P(T > t|xi) =
∫ ∞

t

f (s|xi)ds (5)

where xi is the oxide thickness for the ith device and f (.)
denotes the probability density function (pdf). As is discussed
in [5] and [6], for a particular chip, if the thicknesses of all
devices are known as a priori then any device fails indepen-
dently of all other devices. The overall chip-level reliability
is

Rc(t) =
∫ ∞

0
· · ·
∫ ∞

0

m∏
i=1

Ri(t|xi)f (x1 . . . xm)dx1 . . . dxm (6)

where x is the vector of oxide thicknesses (x1, . . . , xm), m is
the total number of devices on the chip, and f (x1, . . . , xm) is
the joint pdf of the gate oxide thicknesses for m devices.

In modern VLSI design, a chip can have millions to
billions transistors. To handle the tremendous dimensionality
of (6), [5], [6] proposed to project the parametric space of m

devices to two distinct random variables, sample mean (u) and
sample variance (v) of the chip oxide thickness distribution,
which is the frequency distribution of observing certain oxide
thicknesses in a particular chip. Based on this, the conditional
reliability product

∏m
i=1 Ri(t|xi) in (6) with m variables can

be simplified to a conditional probability Rc(t|u, v) that only
depends on the sample mean u and variance v. The integral
of (6) is then compactly expressed as

Rc(t) =
∫ ∞

−∞

∫ ∞

−∞
Rc(t|u, v)fuv(u, v)du dv (7)

where fuv(u, v) is the joint pdf of a Gaussian random variable
u and a chi-square random variable v [5]. Rc(t|u, v) for a
particular chip can analytically be written as

Rc(t|u, v) = exp[−Aeln( t
α

)bu+(ln( t
α

))2b2v/2] (8)

where A is the die area.
Although the statistical method in [5] and [6] can re-

duce some pessimism in the traditional guard band [3], the
formulation in (7) is still a design time method and only
utilizes the general process variation knowledge for a design,
without incorporating any post-silicon information. As in Fig.
1, the result obtained by [5] and [6] is still a wide banded
distribution. Thus, neither the statistical method [5], [6] nor
the guard-band method [3] can distinguish the unique process
condition of a particular die. Those methods are still overly
pessimistic and result in one global unnecessarily low lifetime
estimation for the ensemble of chips.

III. Post-Fabrication Measurement-Driven Oxide

Thickness Estimation

In this section, we will present a statistical framework
that uses a relatively small number of measurements to

significantly reduce the uncertainty of oxide thicknesses for
a particular die, and hence provide more accurate lifetime
estimation.

A. Problem Formulation

For one particular chip, the inter-die and intra-die variation
components (spatially correlated and random) are introduced
at different manufacturing stages and hence play very different
roles in the oxide thickness model. The inter-die component
induces the same increment or decrement to the oxide thick-
nesses for all the devices within the die and is a constant
in (1) for one die. On the other hand, the intra-die spatially
correlated and random components vary from device to device.
In practice, we cannot distinguish the sources of the variation
when the number of measurements is limited. Thus, in anal-
ysis, we combine the intra-die variation components together
and comprehensively evaluate their impact.

Given a chip dissected to N grids as in [18] with m devices
in total, the vector of oxide thicknesses for all the devices is

x = u0 + zg + zcorr + zε = uchip + zintra (9)

where x = [x1, x2, . . . , xm] is the oxide thicknesses for m

devices, uchip=u0 + zg denotes the chip-level oxide thickness
mean for this particular chip and may be different from
one chip to another, zcorr is the spatially correlated variation
component as in (2), zε is the vector containing the random
variation component of each device, zintra=zcorr+zε is hence
the combined intra-die variation component that preserves the
spatial correlation among the devices.

Since zε can be interpreted as a multivariate Gaussian
process Nm(0, σ2

ε Im), where Im is an m × m identity matrix,
zintra is the sum of two multivariate Gaussians and remains a
multivariate Gaussian process

zintra ∼ Nm(0, �intra) (10)

where �intra = �corr + σ2
ε Im.

The post-fabrication measurement-driven oxide thickness
estimation problem is formulated as follows.

Formulation 1: Given the thickness variation model in (9)
and the oxide thickness measurements of n0 devices across a
particular die, estimate the oxide thickness of any unmeasured
device (including the components of uchip and zintra) and the
corresponding variance.

B. Model Simplification

The grid-based spatial correlation model in [18] indicates
that devices within one grid bear approximately the same inter-
die and intra-die spatially correlated variation components.
This is reasonable when we have relatively finer grids across
the chip. The difference in the oxide thicknesses for devices
within one grid are then completely attributed to the random
variation component, which is independent from one device
to another and hence cannot be deterministically predicted.
Instead of performing device-level estimation, we employ a
grid-based prediction scheme by associating every grid with
one random variable. The estimation corresponding to each
grid includes: 1) deterministic expected estimation; 2) variance
for estimation uncertainty; and 3) the correlation with the
estimations for other grids.
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Clearly, such modeling simplifies the complexity from the
dimensionality of millions (number of devices) to N + n0,
where n0 is the number of sites to be measured and N denotes
the number of unmeasured sites with each representing one
grid.

After reformulating (9) to the granularity of a grid, both x
and zintra are now (N+n0)×1 vectors, and

zintra ∼ NN+n0 (0, �intra,grid) (11)

where �intra,grid is an (N+n0)×(N+n0) covariance matrix for
N unmeasured sites corresponding to each grid and n0 sites
to be measured. The entries in �intra,grid can be obtained from
the covariance matrix �intra in (10) by identifying the grids to
which the sites belong.

C. Estimating the Chip-Level Oxide Thickness Mean uchip

Before measurements are conducted, the oxide thickness for
the sites to be measured remain unknown and hence can be
characterized by a multivariate Gaussian model as in (11)

Nn0 (uchip, �mm). (12)

Then, the measurements on n0 sites s=[s1, s2...sn0 ] can be
considered a sample vector drawn from this stochastic model,
with measurements acting as n0 observations. Thus, by using
the maximum likelihood estimation (MLE) [24], the maximum
likelihood can be achieved when

uchip ≈ [1]1×n0�
−1
mm

[1]1×n0�
−1
mm[1]T1×n0

sT (13)

where [1]1×n0 denotes a 1×n0 all-one vector. The correspond-
ing MLE estimation variance can be approximately bounded
by the Cramér–Rao bound as in [24]

var(uchip) ≈ [1]1×n0�
−1
mm[1]T1×n0

. (14)

D. Estimating the Intra-Chip Variation Component zintra

If every site of a chip could be measured, the variance for
the random vector x would be reduced to 0. In practice, since
the number of measurements is limited, measured oxide thick-
nesses can only reduce the variance of unmeasured sites to a
certain level. In order to assess the impact of measurements,
we reorder and separate the oxide thickness vector x into two
subvectors as x = [s, xu], where s represents the sites to be
measured and xu represents the unmeasured sites. �intra,grid

can then be written as

�intra,grid =

[
�mm �mu

�um �uu

]
(15)

where �mm is an n0×n0 submatrix containing the covari-
ance for sites to be measured, �mu is an n0×N submatrix
evaluating the covariance between any site to be measured
and unmeasured site, �um is an N×n0 submatrix and the
transpose of �mu, and �uu is an N×N covariance submatrix
for unmeasured sites. It is noted that that both subvectors s
and xu are multivariate Gaussian variables with a mean of
uchip and a covariance matrices of �mm and �uu, respectively.

Fig. 3. Reduction in variance of the conditional estimator uxu |s=s0 for a
randomly selected site with an increasing number of measurements. The
variance is normalized with respect to the variance when no measurement
is conducted.

Given the measurement s = s0 at n0 sites, the subvector xu

for the oxide thicknesses at unmeasured sites can then be ex-
pressed in a conditional way, i.e., xu|s = s0. Such an expression
illustrates the impact of measurements on unmeasured sites.
By exploiting the spatial correlation between xu and s, the pdf
for this conditional random vector can be written as

fxu|s=s0 (xu) =
fx(xu, s = s0)

fs(s = s0)
(16)

where fx(x) and fs(s) are pdfs for the multivariate Gaussian
random vectors x and s, respectively, fxu|s=s0 (xu) is the condi-
tional pdf for xu given s = s0. Due to space limitation, we only
provide an outline while details can be found in [25], which
are also employed in some earlier works [26], [27].

Based on the decomposition of (15), we can define

uxu|s = uchip + (s − uchip)�−1
mm�mu (17)

�xu|s = �uu − �um�−1
mm�mu. (18)

Thus, given s = s0, (16) is still a multivariate Gaussian

NN (uxu|s, �xu|s) (19)

where uxu|s=s0 and �xu|s defined in (17) and (18) are conditional
mean and conditional covariance matrix for the conditioned
random vector xu|s=s0 .

Intuitively speaking, the vector uxu|s=s0 provides a natural
estimation of the oxide thickness at the unmeasured sites,
whereas the diagonal entries of �xu|s evaluate the variance
of the estimation. The variance term bounds the remaining
uncertainty in the spatial correlation component as well as
the independent variation component. According to (18), the
conditional variance in �xu|s is reduced compared with the
unconditional variance in (15). Fig. 3 illustrates the trend of
variance reduction of the conditional estimator uxu|s=s0 for a
randomly selected site from the chip model in Fig. 1 with
regards to the growing number of measurements. It is noted
that with only nine measurements, the variance of uxu,i|s=s0 ,
as computed in (18), is reduced by 63% compared with the
initial variance when no measurement is conducted.

E. Handling Measurement Noise

Electrical measurements can easily be contaminated by
measurement noise, which is one of the most fundamental
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Fig. 4. Gate leakage measurements (normalized) of three OBD sensors in a
45-nm process (the stressed condition is 3.1 V, 100 C).

Fig. 5. Histograms and statistics of measurement noises from extracted from
three OBD degradation sensors.

problems in post-silicon validation. The presence of mea-
surement errors may bias the data and lead to inconsistent
parameter estimation.

In general, measurement noise is treated as a Gaussian
distribution according to the central limit theorem. The mea-
surement data from OBD degradation sensors also validated
the assumption of Gaussian measurement noise. Fig. 4 shows
the measured leakage data of degradation procedure from
three OBD degradation sensors [11] at different locations of
different test chips.3 Each data curve represents the measured
degradation leakage for a certain period of time and comes
with different amount of measurement noise. Since leakage
degradation change on the same sensor is continuous with
time, the discontinuousness in the curve is highly related to
the measurement noise. By denoising the curve using a wavelet
filter, the histograms of the extracted measurement noises
for all three curves are illustrated in Fig. 5. The extracted
measurement noise has consistent close-to-zero mean and
around 1% standard deviation.

Based on the calibrated noise model above, assume that the
noise on each measurement site is modeled by

e ∼ N (0, σe). (20)

The measured data is the superposition of the measurement
noise and actual data. This random variable should be added
to the oxide thickness variation formulation to account for the

3The data was collected for the whole degradation procedure to calibrate
the measurement noise. The proposed methodology only requires the initial
state data from the sensors (the first few cycles), which takes limited test time.

Fig. 6. Algorithm for chip-level oxide thickness mean refinement.

noise. The oxide thickness variation model is then

x = u0 + zg + zcorr + zε + e = uchip + zintra (21)

where e is the measurement noise vector. For the entry corre-
sponding to the measurement site, it follows (20), while for the
other entries, it is 0. Similar to (9), we have zintra = zcorr +zε +e
to denote the intra-die variation after accounting for the
measurement noise, where �intra = �corr + σ2

ε + σ2
e . Since the

noise is considered a Gaussian, zintra is still a multivariate
Gaussian and the techniques in the earlier subsections can still
be applied for oxide thickness characterization.

F. Chip-Level Oxide Thickness Mean Refinement

Due to the limited number of measurements, the initial MLE
for uchip in (13) may not be the best estimator. By using
information from the measurements and the estimator in (17)
for the unmeasured sites, the chip level oxide thickness mean
uchip can be further refined. In theory, uchip equals the sample
mean of all the sites, denoted as xN+n0

xN+n0 =
s0 × [1]n0×1 + uxu|s=s0 × [1]N×1

N + n0
. (22)

The deviation between xN+n0 and uchip could be attributed
to both the estimator error and statistics error. Thus, we can
perform a refinement step iteratively to reduce the deviation
to a negligible level, i.e., to make uchip ≈ xN+n0 by repeatedly
replacing uchip in (17) with xN+n0 and then computing xN+n0

with (22), as shown in Fig. 6. In general, the refinement is
completed within tens of iterations to reach certain tolerance,
e.g., 10−5. Moreover, it is worthwhile noting that either the
estimation variance in (14) or the conditional covariance
matrix in (18) does not rely on uchip and remains unchanged
for the updated chip-level oxide thickness mean. Thus, the
complexity of each iteration is linear with N + n0.

G. Summary of Post-Fabrication Measurement-Driven Esti-
mation

We summarize the algorithm for measurement-driven oxide
thickness estimation in Fig. 7. The complexity of the procedure
is very low as most computations are analytically achievable.
The matrix inverse �−1

mm and matrix product in (18) are two
operations with relatively higher complexly, which depend on
the spatial correlation structure of the design and only need
to be computed once for a particular design with fixed mea-
surement sites. Since the number of measurements is limited
to fewer than hundreds, those operations can numerically be
computed within seconds. It is noted that the algorithm results
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Fig. 7. Flow for post-fabrication measurement-driven estimation.

Fig. 8. Accuracy of chip-level oxide thickness mean estimation. (a) His-
tograms of relative errors for MLE in Section III-C and MLE with refine-
ment (MLE+Refinement) in Section III-F. (b) Scatter plots for MLE and
MLE+Refinement (nominal oxide thickness is 1.67 nm).

in one random variable for each grid, which represents all
the devices in the grid. In other words, the estimation for the
variable will be projected to all the other devices within the
same grid to compute the chip reliability.

We apply the proposed algorithm in Fig. 7 to 10 000
sample chips in 65-nm technology. Each chip has 0.5 million
devices, the oxide thicknesses of which are generated by
Monte Carlo sampling according to the variation model in
[10] and feature parameters in [8]. The chip is then imposed
a 50×50 (=2500) grids with 100 uniformly distributed sample
sites.4 The estimated chip-level oxide thickness mean uchip is
compared with the actual mean of the oxide thicknesses for
all the devices in Fig. 8. From either the histogram or the
scatter plot, it can be seen that the estimation achieved by
the MLE in Section III-C is very accurate with a maximum
relative error of 0.77%, while the mean refinement algorithm
(in Section III-F) can further reduce the relative error to a
maximum of only 0.33%. We then examine the estimation
accuracy at the device level (achieved by step 5 in Fig. 7)
for a randomly selected chip. Fig. 9 demonstrates the contour
of the difference between the actual oxide thickness and the
estimated thickness mapped from the estimator uxu|s=s0 in (17)
for all the devices on a chip. With 100 measurements, the
accuracy of the oxide thickness estimation for each device is
already very high, with average relative error of 0.59% and
maximum relative error of 2.8%. Those errors are mainly due
to the unpredictable random residual variation but are bounded
by the covariance matrix �xu|s in (18).

4The measurement sites are selected in a chessboard manner.

Fig. 9. Contour of the device-level oxide thickness estimation error for a
chip with 0.5M devices and 100 samples.

TABLE I

Notations Used in OBD Reliability Analysis

Notation Definition
m Number of devices in a chip
N Number of grids in the spatial correlation model

x = [x1, . . . , xm] The oxide thicknesses for m device of a chip

xu|s0
The conditional random vector for oxide thick-
nesses of unmeasured sites, given the measured
oxide thicknesses of s0

uxu |s=s0 Mean of xu|s0, given measurements s0

�xu |s=s0 Variance of xu|s0, given measurements s0

xm=
∑m

i=1 xi

m
The sample mean for m devices of a chip

v=
∑m

i=1(xi−xm)2

m−1 The sample variance for m devices of a chip
R(t0) Chip reliability at time t0, which is Pr(t > t0)
Ttarget Chip design lifetime target
Rt Chip reliability target at the end of lifetime

Tq

Quantile-based time-to-failure (QTTF)5, de-
fined as
Tq=argTq

{R(Tq)=Pr(t>Tq)=Rt}
D0 = [d1, ...dN ]

di denotes the number of unmeasured devices
in the ith grid

D = diag(D0) A diagonal matrix with diagonal vector of D0

IV. Measurement-Driven OBD Reliability

Prediction and Management

Based on the oxide thickness estimation discussed in the
previous section, we performed a statistical reliability analysis
to tighten the lifetime distribution of a chip. Other than the
oxide thickness variation, the reliability is also impacted by
other variation sources, such as threshold voltage, temperature,
etc. Among the variations source, oxide thickness variation is
the major factor that impacts the reliability [16], [17], [22],
[31], [32]. Here, we focus on chip-level reliability analysis by
incorporating the oxide thickness variation and consider the
worst-case operating temperature to ensure a correct operation
throughout the entire lifetime. By using thermal sensors or
process sensors, as in [28] and [29], we can construct the tem-
perature/process profile of the chip and incorporate the other
variation sources by performing analysis at the granularity of
functional blocks or subblocks, where devices within a block
are assumed to bear the same parameter.

For a chip with m devices and N grids for a spatial
correlation model, we define the following notations in Table
I for the remainder of this paper.
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A. Measurement-Driven Reliability Prediction

The challenge of chip-level statistical OBD reliability
analysis is the large dimensionality of the integral in (6).
Reference [5] proposed to map millions of random variables
to two random variables, sample mean and variance of the
chip oxide thickness distribution. However, for a conditioned
random vector xu|s0, the variables do not bear the same
mean and cannot employ the method in [5]. Thus, it is
essential to revisit the statistical OBD reliability analysis
when measurements are available.

1) Spatial Correlation Characterization Using Conditional
Principal Component Analysis: Given the measurements s0,
xu|s0 is still a multivariate Gaussian random vector. As in (18),
its covariance is

�xu|s = �uu − �um�−1
mm�mu.

According to the principal component analysis (PCA), this
multivariate Gaussian can be mapped to another set of mu-
tually independent random variables with zero mean and
unit variance [5], [18]. Then, for a device in the ith
grid, its conditional oxide thickness xu,i|s0 can be canon-
ically expressed as a linear combination of the principal
components

xu,i|s0 = uxu,i|s=s0 +
∑N

j=1
λi,jzj (23)

where N is the number of principal components (the same
as the number of grids in the spatial correlation model),
zjs represent the N independent random variables to char-
acterize the spatial correlation, the coefficients λi,js repre-
sent the sensitivity of thickness variation with respect to
the jth principal component for the random variable in
the ith grid. Thus, the conditional random vector of N

unmeasured sites can be written compactly with principal
components

xu|s0 = uxu|s=s0 + z × Pλ (24)

where Pλ is an N × N matrix containing the sensitivity
coefficients λi,js for different principal components and can
be achieved by eigenvalue decomposition, z = [z1, z2, ...zN ] is
a vector of principal components.

As defined in Table I, the conditional sample mean and
sample variance (xm and v) can be expressed in terms of
principal components

xm = [(xu|s0)DT
0 + s0 × [1]n0×1]/m (25)

v =
(xu|s0 − xm)D(xu|s0 − xm)T + (s0 − xm)(s0 − xm)T

m − 1
(26)

xm and v describe the characteristics of the conditional chip
oxide thickness distribution given measurements s0. Based on
(22), (25) can further be simplified to

xm = uchip +
1

m
z × PλD

T
0 = uchip + ucoeffzT (27)

5Actual time to failure is a stochastic process and cannot be known until the chip fails.
Thus, we introduce a quantile-based time-to-failure which can be interpreted as certain
quantile of the time-to-failure distribution. In other words, it is the actual time when chip
meets certain reliability target. Note that this value is a deterministic value if the oxide
thicknesses of all the devices are known.

where ucoeff = 1
m

D0P
T
λ . Thus, xm remains a Gaussian

xm ∼ N (uchip, var(xm)) (28)

where var(xm) = var(uchip) + ucoeffucoeff
T .

After expanding the numerator of (25), the conditional
variance v can be written as

v =
Vconst + 2V1 + V2

m − 1
(29)

where Vconst is a constant, and V1 and V2 are random variables.
The formulations can be found in

Vconst = (uxu|s=s0 − uchip)D(uxu|s=s0 − uchip)T

+(s0 − uchip)(s0 − uchip)T (30)

V1 = vcoeffzT , V2 = zV zT (31)

vcoeff = uxu|s=s0DPT
λ − (m · uchip − s0[1]n0×1)ucoeff (32)

V = (PT
λ + [1]N×1ucoeff )

T D(PT
λ − [1]N×1ucoeff ). (33)

Based on (30)–(33), it is found that V1 is a Gaussian and V2

has the form of a quadratic normal product, in which V is a
positive and symmetric matrix. The uncorrelation between V1

and V2, xm and v can be proved in the following two lemmas
(the details are presented in the Appendix).
Lemma 1: V1 and V2 in (31) are uncorrelated.
Lemma 2: xm in (25) and v in (26) are uncorrelated.

Based on Lemma 1, the mean and variance of v can then
be computed from (29) and (30)

E(v) = [Vconst + tr(V )]/(m − 1) (34)

var(v) =
2tr(V 2)

(m − 1)2
+

4

(m − 1)2
vcoeffvcoeff

T . (35)

As detailed in [30], a quadratic normal product random
variable as V2 can be accurately approximated by a chi-square
distribution, i.e., V2 ∼ âχ2

b̂
, with â = tr(V 2)

tr(V ) and b̂ = [tr(V )]2

tr(V 2) ,
where tr[.] is the sum of diagonal entries. Since the conditional
covariance entries in �xu|s are reduced as in (18), the principal
coefficients resulting from the decomposition of �xu|s are
then small and eventually result in a matrix V with small
diagonal entries and almost negligible off-diagonal entries.
Thus, the degree of freedom for the chi-square distribution
b̂ = [tr(V )]2

tr(V 2) is close to N. Given the central limit theorem, the
chi-square distribution with a large degree of freedom can
be well approximated by a Gaussian distribution [24], [30].
Fig. 10(a) shows a histogram of V2, with a degree of freedom
of 2209 (close to N = 2500), the samples of which are
collected in a Monte Carlo simulation using (30). The
histogram clearly shows Gaussian-like curves with fitting
goodness of 0.98 (R-square) and validates the proposed
Gaussian approximation. Since both V1 and V2 are Gaussians,
the un-correlation in Lemma 1 indicates the independence
of V1 and V2. Thus, v in (29) can also be characterized as a
Gaussian random variable.
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Fig. 10. Comparison of the histogram of chi-square random variable V2 in
(30) with degree of freedom of 2209 (N = 2500) and the fitted Gaussian
curve. The fitting goodness is 0.98 (R-square).

2) Post-Fabrication Measurement-Driven Lifetime Predic-
tion: Once the underlying distributions of xm and v are char-
acterized, we can conduct the post-fabrication measurement-
driven reliability prediction for a particular chip and analyze
the quantile-based time-to-failure6 (QTTF) for a given relia-
bility target Rt by using (8) from [5]

R(Tq|xm, v) = exp[−Aeln(
Tq

α
)bxm+(ln(

Tq

α
)b)2v/2] = Rt (36)

where A is the chip area, α and b are the parameters for
the device Weibull reliability function [16], [31]–[33]. This
equality illustrates the actual quantile-based time-to-failure
when chip meets ceratin reliability target. The QTTF is then
compared with design lifetime Ttarget to evaluate chip reliabil-
ity. To simplify the analysis, we introduce a supplementary
random variable γ = ln(Tq/α)b to derive the distribution of Tq

(QTTF), and rewrite the equation above as

v/2 × γ2 + xm × γ − ln(− ln(Rt)/A) = 0. (37)
The solution to (37) is

γ = γ(xm, v) =
−xm +

√
x2

m + 2 ln(− ln(Rt)/A) × v

v
. (38)

In other words, for a given reliability target Rt , γ is a random
function depending on the distributions of xm and v.

By noting that both xm and v have limited variance, we
can further simplify (38) by the delta method for first-order
approximation [24]

γ ≈ γ(E(xm), E(v)) + [
∂γ

∂xm

,
∂γ

∂v
]|E(xm),E(v)

×[xm − E(xm), v − E(v)]T . (39)

Since both xm and v are Gaussians and uncorrelated, γ follows
a Gaussian process with mean and variance

E(γ) =
−E(xm) +

√
E(xm)2 + 2 ln(− ln(Rt )

A
)E(v)

E(v)
(40)

var(γ) = [(
∂γ

∂xm

)2, (
∂γ

∂v
)2]|E(xm),E(v)[var(xm), var(v)]T . (41)

As Tq = α exp[γ/b], Tq can then be characterized as a
lognormal distribution, with mean and variance

E(Tq) = α × exp(
E(γ)

b
+

var(γ)

2b2
) (42)

var(Tq) = α2[exp(
var(γ)

b2
) − 1] exp(

2E(γ)

b
+

var(γ)

b2
). (43)

6Tq is defined as Tq=argTq
{R(Tq)=Pr(t>Tq)=Rt} as in Table I. In other

words, it is the quantile of reliability distribution for certain reliability target
Rt .

B. Reliability Management and Performance Optimization

In practice, the design objective may be a certain design
lifetime Ttarget with a predefined reliability requirement Rt ,
i.e., the probability of chip failures may not exceed 1−Rt

within Ttarget years lifetime. However, due to process variation,
some chips have thinner oxides and are quicker to fail. The
tightened QTTF distribution Tq enables us to quantitatively
evaluate whether the chip will meet the design lifetime target.
The next question is then how much voltage we need to tune
to optimize the performance, which will be discussed in the
following optimization flow.

Due to the remaining uncertainty of the oxide thicknesses,
QTTF itself is a distribution as in (42) and (43). We therefore
use the lower bound of the distribution with a certain confi-
dence to ensure a robust design and margin for other variation
sources. Conservatively, with a 99.9% confidence level, we
can derive the following one-sided confidence interval:

Tq ∈ [α exp

[
E(γ) − 3

√
var(γ)

b

]
, ∞] (44)

where the moments of γ can be computed from (40) and (41).
The lower bound of (44) is then denoted as Tlb and used to
evaluate chip lifetime in optimization. In other words, after
optimization, we may push the distribution of QTTF to the
right of Ttarget and have 99.9% confidence that the chip will
meet the lifetime target. Since both parameters α and b in
(44) depend on supply voltage [31]–[33], we formulate the
following to maximize the supply voltage while Tlb meets the
design lifetime target.

Maximize voltage (45)

subject to

Tlb = α(voltage) exp

[
E(γ) − 3

√
var(γ)

b(voltage)

]
≥ Ttarget (46)

vmin ≤ voltage ≤ vmax (47)

where voltage denotes the maximum supply voltage available
for the chip, the first constraint in (46) implies that the 99.9%
confidence lower bound of QTTF is larger than the design
lifetime target, and the second constraint in (47) denotes the
possible voltage tuning range. This optimization problem is
equivalent to finding the feasible domain of the inequality in
(46), where the parameters of the device reliability function
(α(voltage) and b(voltage)) indicate the underlying depen-
dence on supply voltage. In our implementation, we adopt the
linear models as in [31]–[33], and hence achieve a quadratic
inequality from (46). As a result, the optimization flow above
eventually reduces the failure rate to improve reliability yields,
while the performance is also enhanced by reducing lifetime
safety margins.

C. Summary of OBD Reliability Prediction and Management

The flow for post-fabrication measurement-driven reliability
prediction and management is summarized in Fig. 11. Given
n0 measurements for a particular chip, we first estimate the
oxide thicknesses and corresponding variance using a con-
ditional multivariate Gaussian model. The conditional spatial
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Fig. 11. Procedure for post-fabrication measurement-driven OBD reliability
prediction and management.

correlation is then explored by conditional PCA to derive the
distributions of xm and v, which characterize the underlying
conditional chip oxide thickness distribution and help achieve
a tightened lifetime distribution. The lifetime estimation then
allows an optimization flow to quantify tradeoffs between
reliability and supply voltage/performance.

V. Experimental Results

The proposed framework was implemented and tested on
several designs using 65-nm devices (nominal oxide thickness
is 1.67 nm). The defect generation relationships for the tech-
nology node and the technology dependent parameters of the
oxide reliability function model are obtained from [16], [31]–
[33], which are used in the device-level reliability model. In
practice, this can be obtained by a one time per technology
characterization using test devices.

Seven designs are employed in the experiment, including
six synthetic circuits that were automatically generated
and an alpha processor design with 15 functional modules.
For each design, we collected 10 000 chips by Monte
Carlo simulation that follows the thickness variation model
discussed in Section II. According to [8], the 3σ/u ratio
for oxide thickness variation is assumed to be 4% for the
nominal value, and then split into 50% global variation, 25%
spatially correlated variation, and 25% independent variation
[10], [27]. The measurement noise model is based on the
calibration of the degradation sensor data in [11] with zero
mean and 3σ/u = 3%. Since the real measurement data for
thickness correlation was unavailable, the covariance matrix
for thickness variations was derived from an exponential
decaying function of the respective distance [10], [20].

A. Efficacy of the Proposed OBD Reliability Prediction

To evaluate the accuracy of the proposed method, the
conditional QTTF distribution for a chip was also computed by
Monte Carlo simulation with an accept-and-reject strategy. The
simulation only accepted sample vectors with similar entries at
the sample sites, the tolerance of which was set to 0.01 nm in
our implementation. This is equivalent to exploring the param-
eter space of the conditional random vector xu|s0. The results
are shown in Fig. 12 for a design with 0.5 million devices

Fig. 12. Accuracy comparison of the quantile-based time-to-failure (QTTF)
histogram generated by Monte Carlo simulation and predicted QTTF pdf using
proposed method (fitting goodness is 0.96 for R-square). The design has 0.5M
devices and 25 samples with 2500 grid cells for spatial correlation modeling.
The reliability target Rt is set to 99.99% (100 failures per million).

Fig. 13. Reduction in the variance of 99.99% quantile-based time-to-failure
(QTTF) distribution for a particular chip with increasing number of samples
(1, 2, 4, 25, and 100 samples).

and 25 measurements. That the predicted lognormal pdf using
the samples in Sections III and IV shows good agreement
with the histogram of Monte-Carlo simulation (1000 sample
chips). The difference between the mean of the histogram and
lognormal pdf is 0.038 years. The 99.9% confidence lower
bound of QTTF is 3.203 years that demonstrates the tightness
of the distribution.

For the same chip, we also explored how the predicted
QTTF distribution changes when the number of samples is
increased. Fig. 13 clearly shows the reduction in variance as
the number of samples grows. It is interesting to note that
even one or two samples provide sufficient information to
tighten the distribution, whereas 100 samples help reduce the
standard deviation of the distribution to only 0.16 years. The
difference between the actual QTTF point (for a reliability
target Rt = 99.99%) and the mean of the predicted QTTF
distribution (using 100 samples) is only 0.03 years (0.8%
estimation error), while the conventional guard band is 2.07
years with almost 50% estimation error.

Moreover, we studied the convergence of the mean and
99.9% confidence lower bound (μ − 3σ) of the predicted
QTTF distribution to the exact values, as shown in Fig. 14 for
two chips, one with thicker oxides and another with thinner
oxides. For each particular sample number, we picked ten
different configurations (placement) of sample sites and then
computed the 10 set mean/99.9% confidence lower bound of
QTTF distribution to achieve the error bar. Note that the exact
value can only be obtained by having complete knowledge of
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Fig. 14. Convergence of the mean and 99.9% confidence lower bound of the
predicted quantile-based time-to-failure (QTTF) distribution with increased
samples. (a) Chip with thicker oxides. (b) Chip with thinner oxides.

Fig. 15. Reliability management results with increased samples for 10 000
chips of a 0.5M-device design: performance improvement and number of
tuned chips that fail to meet target after optimization. Conventional guard-
band is employed as baseline for comparison. The results for 0 samples in
the figure are from the method in [5]. Others are from the proposed method.

all transistor oxide thicknesses on the chip. When only one
or two samples are available, the results may be dominated
by the randomness of sample site and have a relatively larger
variation. However, with an increasing number of samples,
both the estimated values or their variance converge quickly.

B. Reliability Management and Performance Optimization

In this subsection, we applied the proposed post-fabrication
measurement-driven methodology to tune the supply voltage
of 10 000 chips of a synthetic 0.5M-device design to ensure
reliability while maximizing performance. The lifetime target
Tq was set to four years for a reliability target Rt = 99.99%
and the supply voltage tuning range is 0.8 V to 1.3 V. The re-
lationship between oxide thickness, voltage, and performance
is calibrated by SPICE simulation on 65 nm standard cells.

Fig. 15 shows the tuning results using a conventional guard-
band design-time statistical analysis in [5] and [6] (denoted as
0 sample in the figure) and the proposed methodology using
different numbers of samples. The guard band that assumes
minimum oxide thickness across the chip achieved a single
supply voltage for all the chips (0.858 V) and was employed
as the baseline for comparison. The other two methods used
99.9% confidence lower bound of the predicted QTTF distri-
bution as the evaluation of chip’s lifetime. Since [5] uses a
more accurate model of the oxide variation compared to the
baseline approach, it assigns the ensemble of chip a slightly
higher supply voltage of 0.875 V. However, since it is unaware
of the unique condition of each particular chip, it remains
overly pessimistic and results in a merely 3% performance
improvement. On the other hand, with only 25 samples, the

Fig. 16. Distributions of (a) optimized supply voltages and (b) performance
improvement with different numbers of samples.

Fig. 17. Comparison of the quantile-based time-to-failure distribution of
the chips optimized by the proposed framework, bilinear interpolation based
method, and compressive sensing based method.

proposed methodology can obtain a well-tightened QTTF
distribution and a more precisely optimized voltage for each
chip, achieving 15% performance improvement on average and
26% improvement at maximum.

Moreover, although [5] since the proposed methodology
provides more accurate prediction it quickly reduces the
number of failures to 0 with increased samples. Even for
those chips that fail to ensure reliability, their QTTFs are very
close to the design lifetime target. As shown in the figure,
with a four-year-target and four samples, two tuned chips fail
to meet lifetime target with QTTFs of 3.98 and 3.95 years,
respectively. Fig. 16 presents the distributions of optimized
supply voltage and the resulting performance improvement
using different numbers of samples in tuning. Both plots show
a shift to the right with increased samples, indicating the
capability to choose a more reasonable supply voltage when
more information is available.

C. Reliability Management With Measurement Noise

In this subsection, the proposed framework is applied to the
data with measurement noise. The noise model is calibrated
based on the degradation data from the degradation sensors [9],
[11], which follows a zero mean Gaussian with 3σ/u = 3%.
The estimation accuracy and reliability management results of
the framework are compared with two other methods.

1) Bilinear interpolation (BI) based method uses bilinear
interpolation to estimate the device oxide thickness.

2) Compressive sensing (CS) based method [13] uses com-
pressive sensing to estimate the device oxide thickness.

Both bilinear interpolation and compressive sensing utilize
the smoothness in either the spatial domain or the frequency
domain to achieve point estimate, but do not bound the
uncertainty of the estimation. Table II summarizes the oxide
thickness estimation results by the three methods under two
scenarios: sample data with measurement noise and without
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TABLE II

Oxide Thickness Estimation Accuracy Comparison of the Proposed Framework, Bilinear Interpolation (BI) Based Method, and

Compressive Sensing (CS) Based Method for Scenarios With and Without Measurement Noise

Without Measurement Noise With Measurement Noise
Design #dev. Average Relative Error Std. Relative Error Average Relative Error Std. Relative Error

Proposed CS BI Proposed CS BI Proposed CS BI Proposed CS BI
A 80K 0.9%/1× 1.2× 1.3× 0.7%/1× 1.2× 1.3× 2.4%/1× 1.1× 1.1× 1.6% /1× 1.2× 1.3×
B 500K 0.9%/1× 1.1× 1.2× 0.7%/1× 1.1× 1.2× 1.0%/1× 1.2× 1.3× 0.7%/1× 1.2× 1.3×
C 10M 1.0%/1× 1.1× 1.2× 0.7%/1× 1.1× 1.2× 1.0%/1× 1.2× 1.3× 0.8%/1× 1.2× 1.3×

Average 0.9%/1× 1.13× 1.23× 0.7%/1× 1.13× 1.23× 1.5%/1× 1.17× 1.23× 1%/1× 1.2× 1.3×
The results are collected from 10 000 chips with 25 samples per chip. The proposed method is used as baseline for comparison.

TABLE III

Failure Rate Comparison of the Proposed Framework, Bilinear

Interpolation (BI) Based Method, and Compressive Sensing (CS)

Based Method for Scenarios of Samples With and Without

Measurement Noise

Without Measurement Noise With Measurement Noise
Design Failure After Optimization Failure After Optimization

Proposed CS BI Proposed CS BI
A 0% 59% 63% 0% 65% 69%
B 0% 55% 61% 0% 67% 70%
C 0% 58% 62% 0% 63% 67%

Average 0% 57% 62% 0% 65% 69%

Fig. 18. Impact of the correlation model granularity on the reliability man-
agement result for design B (with 25 samples per chip).

measurement noise. Columns 3–8 show the relative estima-
tion error of the three methods for the scenario without
measurement noise and columns 9–14 for the scenario with
measurement noise. On average, the proposed framework
achieves around 0.9% estimation deviation for the scenario
without measurement noise and 1% deviation for the scenario
with measurement noise. On the other hand, compared with
the proposed method, the CS and BI methods show 10%–
20% more deviation and 20%–30% more deviation for the
two scenarios, respectively.

The thickness estimation is then used to compute the
chip reliability and tune the maximum supply voltage by
the algorithm in Section IV-B. After tuning, the chip that
fails to meet the target reliability for the target life time is
considered to be a failure unit. The failure rate of the optimized
designs by the three methods are presented in Table III. The
proposed method is able to achieve 0 failure across all the
designs for the scenarios with and without measurement noise,
while the other two methods have 60%–70% failure rate. The
large failure rate of other two methods can be attributed to
the inaccurate thickness estimation and the lack of scheme
to bound the estimation uncertainty. The reliability is expo-
nentially dependent on the oxide thickness. Due to the large
number of devices, a small amount of inaccuracy may lead to
a much larger reliability prediction error. Without a scheme to
bound the estimation uncertainty, the voltage tuning based on
such prediction tends to be aggressive and eventually causes

Fig. 19. (a) Performance improvement histogram and (b) optimized supply
voltage histogram of 10 000 chips for an alpha-processor-like design with
0.84M devices and 25 samples.

TABLE IV

Impact of Measurement Noise on the Reliability Management

Results by the Proposed Framework

Without Measurement Noise With Measurement Noise
Design Opt. Volt. Perf. Impro. Opt. Volt. Perf. Impro.

Ave. Std. Ave. Max. Ave. Std. Ave. Max.
A 0.981 0.026 15% 22% 0.979 0.026 14% 22%
B 0.982 0.028 15% 26% 0.980 0.028 15% 26%
C 0.961 0.026 18% 27% 0.960 0.026 18% 27%

significant failure rate. Moreover, the measurement noise may
introduce more high frequency components and limit the
effectiveness of bilinear interpolation or compressive sensing.
Fig. 17 shows the optimized QTTF distributions of design
B for the three methods. The QTTF for the scenario with
measurement noise is more distributed than the one without
noise, as noise increases the uncertainty in the estimation and
requires a slightly larger bound to ensure the reliability target.

Table IV summarizes the performance improvement results
after reliability management. Columns 2–5 display the average
and standard deviation of the optimized voltage, the average
and maximum performance improvement (compared with the
guard-band method) for the scenario without measurement
noise and columns 6–9 display the results for the scenario
with measurement noise. For large designs, the impact of
measurement noise on the optimized performance is negli-
gible between the two scenarios, as the proposed work is
able to accurately identify and bound the uncertainty in the
estimation. Fig. 18 compares the impact of the correlation
model granularity on the performance optimization result. The
solid curve is the case without measurement noise and the
dashed curve is with measurement noise. Even with a one-
grid correlation model, the proposed method can still achieve
around 7% performance improvement on average for both
cases.
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Fig. 20. Average runtime per chip and average performance improvement for
seven different-sized designs (10 000 chips for each design and 25 samples
per chip). Conventional guard band is employed as a baseline.

D. Scalability

The scalability of the proposed methodology is examined
in both its dependence on design complexity/size and run-
time. We first applied the approach to an alpha-processor-like
design, with 15 functional blocks and 0.84M devices in total.
Due to the functional block difference, the grids for spatial
correlation model have nonuniform densities, i.e., each grid
has different number of devices. We sampled 25 devices per
chip and tuned 10 000 chips resulting in a performance im-
provement of 25% at maximum and 17% on average compared
with the guard-band method, as shown in Fig. 19.

We then applied the proposed method to tune 10 000
chips of seven different designs and recorded performance
improvement and average runtime per chip. Fig. 20 shows
a flat curve of runtime of around 0.38 s, and a slightly
growing trend of average performance improvement from 15%
to 19% and maximum improvement from 22% to 27%. The
methodology runtime relies more on the number of grids for
spatial correlation model instead of circuit size as validated in
the figure, which is an appealing feature for modern processors
with increasingly larger designs.

VI. Conclusion

This paper presented a post-fabrication measurement-driven
OBD reliability prediction and management methodology.
The methodology used limited measurements to estimate
the oxides condition of a chip. The estimation was then
incorporated into a statistical model to more accurately
predict chip lifetime distribution, which is fed to an
optimization flow to trade off reliability margin and system
performance. Experimental results showed that even for a
design with up to 50 million devices, the methodology can
achieve 19% performance improvement on average and 27%
at maximum compared with conventional guard-band, while
with an average runtime of only 0.4 s.

Appendix

Lemma 1: V1 and V2 in (31) are uncorrelated.
Proof: Since zis are standard independent Gaussians and

V1 is the weighted sum of zi, E(V1) = 0, where E(.) computes
the expected value of a random variable.

For any i, j, k, E(zi) = E(zizjzk) = 0. Thus, it can be
derived from (30) that

E(V1V2) = vcoeffE(zT zV zT ) = 0. (48)

As a result, we have E(V1)E(V2)=E(V1V2), which indicates
V1 and V2 are uncorrelated.

Lemma 2: xm in (25) and v in (26) are uncorrelated.
Proof: Similar to Lemma 1, for any i, j, k, E(zi) =

E(zizjzk) = 0 and E(z2
i ) = 1. Thus, it can be derived from

(27) and (29) that
E(xm)E(v) = uchip × [Vconst + tr(V )]/(m − 1). (49)

For E(xmv), it is formulated as

E(xmv) =
uchipVconst + 2E(xmV1) + E(xmV2)

m − 1
. (50)

By definition, E(xmV1) is
E(xmV1) = ucoeff vT

coeff . (51)

Since PλP
T
λ is a unit matrix, the equation above can be

simplified with (27) and (32)

E(xmV1) =
D0

m
(D0uxu|s=s0

T + s0[1]n0×1 − m × uchip). (52)

With the equality of uchip in (22), the equation in the bracket
is just 0. Thus, E(xmV1) = 0.

Similar to Lemma 1, E(xmV2) can be expanded to
E(xmV2) = uchipE(V2) + ucoeffE(zT zV zT )

= uchiptr(V ). (53)

Thus, it has been proved that E(xm)E(v) = E(xmv). In other
words, xm and v are uncorrelated.
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