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Abstract—Power supply fluctuation can be potential threat
to the correct operations of processors, in the form of voltage
emergency that happens when supply voltage drops below a
certain threshold. Noise sensors (with either analog or digital
outputs) can be placed in the non-function area of processors
to detect voltage emergencies by monitoring the runtime voltage
fluctuations. Our work addresses two important problems related
to building a sensor-based voltage emergency detection system: 1)
offline sensor placement, i.e., where to place the noise sensors so
that the number and locations of sensors are optimized in order
to strike a balance between design cost and chip reliability, and 2)
online voltage emergency detection, i.e., how to use these placed
sensors to detect voltage emergencies in the hotspot locations. In
this work, we propose integrated solutions to these two problems
respectively for analog and digital (more specifically, binary)
sensor outputs, by exploiting the voltage correlation between
the sensor candidate locations and the hotspot locations - For
the analog case, we use the Group Lasso and an ordinary least
squares approach; for the binary case, we integrate the Group
Lasso and the SVM approach. Experimental results show that,
our approach can achieve 2.3X-2.7X better voltage emergency
detection results on average for analog outputs when compared to
the state-of-the-art work; and for the binary case, on average our
methodology can achieve up to 21% improvement in prediction
accuracy compared to an approach called Max-Probability-No-
Prediction (MPNP).

Index Terms—Voltage emergency, noise sensor, sensor place-
ment, machine learning, Group Lasso, LSVM.

I. INTRODUCTION

Power has become a primary constraint for designing mi-
croprocessors: stringent power budgets are imposed by either
package cooling limit, or battery-life requirement in mobile
applications, and as a result only part of a chip can be turned
on at any given time [1]. Reducing supply voltage is a popular
way to meet power budgets with minimal performance impact,
and this is achieved by either decreasing nominal supply
voltage more aggressively with technology scaling [2], or
applying runtime power saving techniques such as dynamic
voltage scaling and power gating [3]. The adoption of lower
supply voltages leads to smaller safe-operating margin for
noise, while power-gating parts of the chip incurs larger
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voltage fluctuations in the on-chip power supply, and further
exacerbates the supply noise. The overall effect is that, in
current and future microprocessors, the risk of voltage emer-
gency (supply voltage noise exceeding a preset margin) poses
a significant threat to correct operations.

To address this challenge, various schemes have been de-
signed to detect voltage emergencies, which are then handled
by methods such as dynamic voltage, frequency and body
bias scaling [4], [5]. To detect voltage emergencies, both
analog [6] and digital [7], [8] ways are available. There are
two common challenges associated with these designs. First,
due to the overhead of an on-chip sensor – chip area cost
of the sensor itself plus additional testing cost of calibration
per die [9] – only a small number of sensors can be used.
This puts emphasis on choosing the right places for these
limited number of sensors. This is called the sensor placement
problem. Second, the noise sensors occupy certain amount of
chip area and may not be placed exactly in functional area, and
hence there exists mismatch between the sensor readings and
voltages to be monitored in the functional area (we call them
hotspot voltages in the rest of the paper), and such mismatch
incurs errors in voltage emergency detection.

To make things even more complicated, the potential loca-
tions of voltage emergencies are not always predictable: mid-
frequency supply voltage noise, due to interaction between
package inductance and on-chip capacitance, can resonate in
a full-die manner [10]; with multiple cores in various power-
gating scenarios, a location with moderate power density
could accidentally become the worst spot and cause a voltage
emergency [11]. Therefore, it is desirable to be able to make
full-chip predictions based on a limited number of sensor
readings, in other words, to predict voltage emergencies not
only near these sensors but also at locations not covered
by sensor placement. The key of doing so is to exploit the
correlation between voltage droops at various locations due
to the inherent properties of the power grid. The end results
should be 1) in the offline stage, an optimized placement
(number and locations) of noise sensors that strikes a balance
between cost and reliability, and 2) in the online stage, a
mechanism to accurately predict the voltages of interest in
any functional area based on sensor readings.

Machine learning [12], [13] has been recently used to
solve research problems in EDA area, such as high level
synthesis [14], physical design [15], circuit test [16], [17],
design for manufacturing [18]–[20] and online thermal/power
management [21]–[25]. In this work, we explore machine
learning in the development of noise-sensor-based voltage
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emergency detection system. Our work is motivated by the
following observations:

• There have been limited related work on the topic of
building noise-sensor-based emergency detection system
in the literature. Wang et al. [26] propose a statistical
approach, Eagle-Eye, to select a small group of sensors
out of a given set of sensor candidates in the offline
training stage. With the assumptions that the sensor read-
ings are only binary signals, and sensors can be placed
anywhere on the chip, Eagle-Eye employs continous-
value voltage waveform at each candidate for training,
and selects the given number of sensors by maximizing
the probability that voltage emergency happens at the
sensor locations. In the online stage, Eagle-Eye just reads
the sensors to detect voltage emergencies. However, as
stated before, sensors may not be placed in the function
area and mismatch exists between the sensor readings
and the hotspot voltages in function area. Therefore, it
is not enough to rely on the placed sensors to detect
the voltage emergency that happens in the function area,
and a prediction model is desired for better emergency
detection.

• In reality, both analog and digital sensor readings are
available, and in many cases analog ways are expensive
to build [27]. When developing a sensor-based voltage
emergency detection system, we need to consider both
the analog and digital cases and propose a complement
placement solution to each of them.

We address these important problems in this work. Our
methodology is summarized in Figure 1. In the offline stage,
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Fig. 1: Our flow to build a voltage emergency detection
system, based on noise sensors.

we build prediction models for the hotspot locations from the
sensor candidates, and then select a small number of candidate
locations for noise sensors in the non-function area whose
voltages are strongly correlated with the hotspot voltages in
function area using the Group Lasso technique [28], [29].
Then we place noise sensors with either analog or binary
outputs in these selected locations. After that, we construct
accurate prediction models for the supply voltages of hotspots
in the function area using a regression approach for analog
outputs or an SVM-based classification approach for binary
outputs. In the online stage, we apply the built prediction
models to detect the voltage emergencies in the hotspots, based
on the outputs of noise sensors in the non-function area. It
should be noticed that in our work, although the offline sensor
placement and model construction stage can be expensive, the

online evaluation is pretty fast, which is critical for real-time
emergency detection.

In summary, we make the following contributions in this
work:

• We propose novel and complete solutions to the voltage
emergency detection problems for both analog and binary
sensor designs.

• For the case with analog sensors, we build linear models
to predict the voltages at the hotspot locations from the
analog sensor readings. The Group Lasso technique is
used to select the most important set of sensor candidates,
and a regression approach is adopted to find the model
coefficients. Experimental results show that our method-
ology is superior in reducing the emergency detection
errors compared to prior work.

• For the case with binary sensors, we build linear classi-
fiers to predict the binary emergency status at the hotspot
locations from the binary sensor readings. The SVM
approach is integrated with the Group Lasso to solve
the sensor placement problem, and another SVM step is
applied to each hotspot location to find its accurate clas-
sifier. Experimental results on a large set of benchmarks
show the effectiveness of our methodology.

The rest of the paper is organized as follows. We review
the Group Lasso and the SVM in Section II, then present
our problem formulation in Section III. We then describe our
solutions to building sensor-based emergency detection system
in Section IV and Section V. After that we verify the effective-
ness of our proposed methodology by the experimental results
in Section VI. Finally, we make conclusions in Section VII.

II. PRELIMINARIES

In this section, we briefly review the Group Lasso and SVM
techniques used in our work.

A. Group Lasso

The problem of selecting grouped variables (factors) for ac-
curate prediction arises naturally in many practical situations.
In this problem, variable selection typically amounts to the
selection of important factors (group of variables) rather than
individual derived variables. In other words, it treats a vector
or matrix of variables as one factor in prediction. Consider a
general regression problem with J factors:

Y =

J∑
j=1

Xjβj + ε (1)

where Y is an n-dimensional vector, ε ∼ Nn(0, σ
2I), Xj

is an n × pj matrix corresponding to the j-th factor and βj
is a coefficient vector of size pj , j = 1, . . . , J . Note that
here the response vector Y and each input matrix Xj are all
normalized with zero means. Also, Xjs are orthonormalized
such that XjX

T
j = Ipj . Denoting X = (X1, . . . ,XJ) and

β = (βT1 , . . . ,β
T
J ), Equation (1) can be written as Y =Xβ+

ε.
Each of the factor Xj in (1) can be categorical or contin-

uous. Traditional approaches such as the best subset selection
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and stepwise procedures can be used to select important
factors. However, these methods often lead to locally optimal
solutions. The most studied model selection problem is a
special case of (1) when p1 = · · · = pJ = 1. Tibishirani [30]
proposed the popular Lasso approach, which is defined as

β̂LASSO(λ) = argmin
β

(‖Y −Xβ‖22 + λ‖β‖l1), (2)

where λ is a tuning parameter, ‖ · ‖2 denotes the l2-norm of
a vector and ‖·‖l1 stands for the l1-norm which introduces
sparsity in the solution. Lasso has great computational advan-
tages and performance, but it is designed to select individual
variables rather than general factors. Besides, it tends to
select more individual variables than necessary because it
makes selection based on the strength of individual derived
inputs rather than the strength of groups of input variables. In
addition, the solution of Lasso depends on how the factors are
othonormalized.

As a natural extension of Lasso, Group Lasso [28] improves
in terms of factor selection. Denote

‖η‖A = (ηTAη)
1/2

(3)

where η is a d-dimension vector, and A is a symmetric d ×
d positive definite matrix. Given symmetric positive definite
matrices K1, . . . ,KJ , the Group Lasso estimate is defined as
the solution to

min
βj

1

2

∥∥∥∥∥∥Y −
J∑
j=1

Xjβj

∥∥∥∥∥∥
2

2

+ λ

J∑
j=1

‖βj‖Kj
(4)

where λ ≥ 0 is a tuning parameter. When p1 = · · · = pJ = 1,
expression (4) reduces to the Lasso. The penalty function
in expression (4) is intermediate between the l1-penalty in
Lasso and the l2-penalty in ridge regression [31]. In other
words, Group Lasso takes over the sparsity property from
Lasso, gradually reducing coefficients of factors to 0 when
aggravating the penalty. Based on this property, Group Lasso
can be directly applied in factor selection, based on the value
of each ‖βj‖Kj

at a certain value of λ. Mathematically, the
problem of (4) can be reformulated as

min
βj

1

2

∥∥∥∥∥∥Y −
J∑
j=1

Xjβj

∥∥∥∥∥∥
2

2

s.t. ‖β1‖K1 + ‖β2‖K2 + · · ·+ ‖βJ‖KJ
≤ t

(5)

The parameter t ≥ 0 lays a constraint on the values of ‖βj‖Kj
.

In our work, we use Kj = Ij as a basic assumption in the
implementation of Group Lasso.

B. Support Vector Machine (SVM)

The support vector machine (SVM) [32] is a popular
classification method in machine learning. In this work, we
use a linear support vector machine (LSVM) for binary sensor
placement and voltage emergency prediction. LSVM is based
on determing an optimum hyperplane that separates the data
into two classes with a maximum margin. It typically has
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Fig. 2: Support vector classifiers (adapted from [33]).

higher classification accuracy for linearly separable data than
nonlinearly separable data.

Define
• a training set with N examples (x(i), y(i)), where x(i) ∈

Rd is the i-th input vector with d features, and y(i) ∈
{1,−1} is the corresponding class label,

• a separating hyperplane given by

ωTx+ b = 0, ω ∈ Rd,x ∈ Rd, b ∈ R (6)

• support vectors as the examples closest to the hyperplane
ωTx+ b = 0,

• margin as the distance from any support vector to the
hyperplane ωTx+ b = 0, as seen in Fig. 2(a).

LSVM generates a linear classifier upon the training set as

f(x) = sign(ωTx+ b) =

{
1 if ωTx+ b > 0

−1 if ωTx+ b < 0
(7)

where the parameters ω, b can be found by maximizing the
margin, 1/‖ω‖2 (geometrical distance from support vector to
the separating hyperplane), as follows:

min
ω,b

‖ω‖22
2

(8)

subject to

y(i) · (ωTx(i) + b) ≥ 1, i = 1, . . . , N (9)

Sometimes the linear classifier may fail to find an optimal
hyperplane that can separate all the training data exactly
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without any error. To deal with this issue, soft margin is
introduced in the original LSVM to allow outliers, as shown in
Fig. 2(b). A soft margin LSVM can be formulated as follows:

min
ω,b,ξi

‖ω‖22
2

+ C

N∑
i=1

ξi (10)

subject to

y(i) · (ωTx(i) + b) ≥ 1− ξi, ξi ≥ 0, i = 1, . . . , N (11)

where ξi is the slack variable for the i-th example, and C
is a parameter used to control the relative weighting between
the twin goals of making ‖ω‖22 small (so as to make margin
large) and of ensuring that the ξis of most examples are close
to zero. Larger values of C focus attention more on (correctly
clssified) points near the decision hyperplane, while smaller
values involve data further away. The optimal value for C can
be estimated by cross-validation.

III. PROBLEM FORMULATION

In this section, we present the problem formulation of the
sensor placement and the prediction models for emergency
detection. Given a chip, without losing generality, the chip
area can be classified into two areas: function area (FA) and
blank area (BA), as shown in Fig. 3. Here, FA refers to the

: S e n s o r C a n d i d a t e : H o t s p o t
Fig. 3: Function area (FA) and blank area (BA) on chip. The
locations denoted by ‘star’ are the hotspots, and the locations

denoted by ‘solid dot’ are sensor candidates.

area where we place the functional circuit blocks, and BA
refers to the remaining area on the chip. The solid dots in BA
represent the sensor candidate locations where we can directly
insert noise sensors to measure their voltages. The stars in the
blocks within FA are the hotspot nodes whose supply voltages
we would like to monitor. To predict the supply voltage in FA
from the measured voltages in BA, we suppose that there are
M candidate nodes in BA where we can put voltage sensors,
and the M-dimensional vector

x = [x1 x2 . . . xM ]T (12)

contains the voltages of these M sensor candidate locations,
where xm denotes the voltage at the m-th sensor candidate
location. We further suppose that there are K functional circuit
blocks in FA, and the K-dimensional vector

f = [f1 f2 . . . fK ]T (13)

contains the hospot voltages we are going to mornitor at K
circuit blocks. It should be noted that although we assume
one hotspot node for each block in this work, we can easily
extend our work to handle the case with multiple hotspot node
per block. In fact, we allow the users to choose the exactly
required hotspot nodes for a given chip in a similar way to
[34]. Due to the fact that x and f can be modeled as random
variables and they are strongly correlated, we can approximate
each of {fk; k = 1, 2, . . . ,K} as a linear function of x:

• For sensors with analog (continuous) outputs,

f1 ≈
M∑
m=1

α1,m · xm + c1

f2 ≈
M∑
m=1

α2,m · xm + c2

...

fK ≈
M∑
m=1

αK,m · xm + cK

⇒ f ≈ α · x+ c (14)

where

α =


α1,1 α1,2 . . . α1,M

α2,1 α2,2 . . . α2,M

...
...

. . .
...

αK,1 αK,2 . . . αK,M

 (15)

denotes the model coefficients, and

c = [c1 c2 . . . cK ]T (16)

denotes the constant terms.
• For sensors with digital (binary) outputs, xm and fk are

binary: If the value of xm or fk is larger than a given
voltage threshold, its value is set to 1. Otherwise, its value
is set to -1, implying that the monitored voltage in this
block drops under the given voltage threshold. Therefore,
we can build linear classifiers to predict f from x as

f1 = sign

( M∑
m=1

α1,mxm + c1

)

f2 = sign

( M∑
m=1

α2,mxm + c2

)
...

fK = sign

( M∑
m=1

αK,mxm + cK

)
⇒ f = sign(α·x+c)

(17)
where the model coefficients α and c are the same as
those in Equations (15) and (16).

In Eq. (14) and (17), the supply voltage in each circuit block
k is predicted from the voltages at all the M sensor candidate
locations. Though the prediction error could be pretty small,
the design overhead for deploying all the M candidate sensors
could be unacceptable. For instance, the power consumed by
these M sensors can be huge, which makes the proposed
methodology unattractive. To address this issue, we aim to find
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a small number of (say, Q) sensors from all the M candidates,
and accurately predict the supply voltages in FA based on these
Q selected sensors. Towards this goal, we need to answer two
fundamental questions:

1) how to select these Q sensors, referred to as sensor
placement problem, and

2) how to find the model coefficients α and c in Eq. (14)
and (17) after sensor placement, referred to as prediction
model construction problem.

Considering that in the real design, the sensor readings could
be either continuous or binary, we present our solutions to the
above problems in Section IV and Section V respectively.

IV. OUR METHODOLOGY FOR SENSORS WITH ANALOG
OUTPUTS

In this section, we consider the case when the sensors
provide continuous outputs. We first select a small set of
important sensors via Group Lasso approach, then find more
accurate model coefficients by an ordinary least squares (OLS)
method.

A. Our Solution to the Analog Case
In this section, we aim to select a small number of Q

important analog sensors from all the M sensor candidates so
that the hotspot voltages in FA can be accurately predicted
based on these Q selected sensors. Intuitively speaking, in
Eq. (14), if all the model coefficient variables in a column of
α are close to zero, it implies that the sensor associated with
this column has negligible contributions to accurate model
prediction and, hence, should not be selected. From this point
of view, selecting a small number of important sensors is
equivalent to finding a sparse solution of α where most
columns have close-to-zero model coefficients.

Without loss of generality, we assume that N sampling data
points are first collected

X = [x(1) x(2) . . . x(N)]

F = [f (1) f (2) . . . f (N)]
(18)

where x(n) and f (n) denote the sensor voltages x and supply
voltages f for the n-th data point respectively.

As mentioned at the beginning of this section, we aim to
find a sparse solution of α where most columns have close-
to-zero model coefficients. This problem mathematically fits
the property of Group Lasso - Each column in Eq. (15) can
be seen as a factor containing all the individual predicting
model coefficients of one sensor candidate. In other words,
one sensor candidate has K individual predicting variables,
one for each block. To apply Group Lasso (see Section II-A),
x and f need to be normalized to have zero mean and unit
variance. Denote Z and G as the column-wise normalized X
and F respectively, Eq. (14) can be rewritten as

G ≈ β ·Z (19)

Based on (19), Group Lasso formulates the following opti-
mization problem

min
β
‖G− β ·Z‖F

s.t. ‖β1‖2 + ‖β2‖2 + · · ·+ ‖βM‖2 ≤ t
(20)

where βm denotes the m-th column in β and t is the user-
defined tuning parameter.

In (20), there are some important properties about model
coefficients. First, βm where m ∈ {1, 2, . . . ,M}, includes all
the model coefficients related with the m-th sensor. If the p-th
sensor is more important than the q-th sensor, ‖βp‖2 should
be larger than ‖βq‖2, where p, q ∈ {1, 2, . . . ,M}. When t is
sufficiently small, it is very likely that ‖βq‖2 is close to zero
given the constraint in (20). In other words, the unimportant
sensors are likely to have extremely small model coefficients
after solving (20). Hence, we can identify the set of important
sensors based on the values of ‖βm‖2. To this end, we can
define a threshold value (say, T) which should be a very
small value. If ‖βm‖2 > T , the m-th sensor is considered
as important. Otherwise, the m-th sensor is not selected.

Another important property is that the parameter t plays
an extremely important role in sensor selection. Intuitively
speaking, if t is small, most of ‖βm‖2 are close to zero and,
therefore, a very small number of sensors are considered as
important. To reduce the design overhead, we should set t
to be a relatively small value. However, if the number of
selected sensors is too small, the linear models in (14) may
not be sufficiently accurate. How to determine the value of t
depends both on the design overhead that we can afford and
the prediction accuracy that we require. In Section VI-B1, we
will discuss how to choose an appropriate value of t.

Equation (20) can be re-formulated as a second-order cone
programming problem, and then efficiently solved by interior
point method [35]. Once (20) is solved, we can identify a
small number of Q important sensors based on the values of
‖βm‖2, as previously discussed. Here, we denote the indexes
of Q selected sensor as

S = {S1, S2, . . . , SQ} (21)

where Sq represents the sensor index of the q-th selected
sensor. For instance, assume that we have 100 (i.e., M = 100)
sensor candidates in total, and the 2-nd sensor and the 17-th
sensor are identified as important sensors. Then S = {2, 17}.
In the next section, we will discuss how to accurately predict
the supply voltages f in FA via these Q sensors.

B. Prediction Model Refinement

Once we selected the important Q sensors, a straightforward
way to predict the supply voltages in FA is to apply the linear
models learned from (20). Namely,

g∗k = βk,S1
· zS1

+ βk,S2
· zS2

+ · · ·+ βk,SQ
· zSQ

(22)

where βk,Sq denotes the model coefficient learned from the
Group Lasso optimization in (20), zSq

denotes the normalized
measured voltage of the q-th selected sensor, and g∗k denotes
the predicted value of gk, k = 1, 2, . . . ,K, q = 1, 2, . . . , Q.
Once g∗k is available, we can recover fk by applying inverse
normalization.

The linear models in (22), however, may not result in an
accurate prediction. To clearly understand this, let us consider
a simple example where we have two sensor candidates (i.e.,
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z = [z1 z2]
T ) and two circuit blocks (i.e., g = [g1 g2]

T ). For
illustration purposes, we assume that

g1 = g2 = z1 (23)

To select a small number of important sensors, t should be set
to a relatively small value. In this simple example, we assume
t is set to 1, and it is easy to see that only the first sensor
will be selected after solving the Group Lasso optimization
problem in (20). Even though we successfully select the most
important sensor in this simple example, the model coefficients
{βk,1; k = 1, 2} solved from (20) can be quite different from
their optimal value {1,1} since {βk,1; k = 1, 2} need to satisfy
the following constraint√

β2
1,1 + β2

2,1 ≤ t = 1. (24)

Intuitively speaking, the model coefficients solved from (20)
for the selected sensors can be highly biased due to the
constraint posed on the model coefficients. As such, the linear
models in (22) do not fit our need of accurate model prediction.

To address this issue, we apply an OLS to solve the
following unconstrained optimization problem

min
αS ,c
‖F −αS ·XS −C‖F (25)

where

XS =


x
(1)
S1

x
(2)
S1

. . . x
(N)
S1

x
(1)
S2

x
(2)
S2

. . . x
(N)
S2

...
...

. . .
...

x
(1)
SQ

x
(2)
SQ

. . . x
(N)
SQ

 (26)

αS =


α1,S1 α1,S2 . . . α1,SQ

α2,S1
α2,S2

. . . α2,SQ

...
...

. . .
...

αK,S1 αK,S2 . . . αK,SQ

 , (27)

F is defined in (18). Once αS and C are determined, we can
predict the supply voltages in FA based on the following linear
models

f∗k = αk,S1 · xS1 +αk,S2 · xS2 + · · ·+αk,SQ
· xSQ

+ ck (28)

where αk,Sq (k = 1, 2, . . . ,K, q = 1, 2, . . . , Q) denotes the
model coefficient learned from the OLS optimization in (25),
{xSq

} (q = 1, 2, . . . , Q) denote the measured voltages of
Q selected sensors, and f∗k (k ∈ {1, 2, . . . ,K}) denotes the
predicted value of fk.

Once we obtain the hotspot voltages using the prediction
models, we can compare the predicted voltages with the
threshold voltage set by the designers to directly detect voltage
emergencies [36]. Alternatively, considering that emergency is
not only a matter of voltage level but also associated with time,
we can extend the model (28) for temporal prediction as

f∗k (t) = αk,S1
·xS1

(t)+αk,S2
·xS2

(t)+· · ·+αk,SQ
·xSQ

(t)+ck,
(29)

and then use the extended model to get the voltage traces at
the hotspot locations. Based on the obtained voltage traces,
we can further use time-related metrics such as the integral of
the voltage droop below a user specified noise ceiling over a
short time period [37] to detect voltage emergencies.

C. Summary

Our proposed sensor selection and model construction tech-
nique for sensors with analog readings can be summarized as
follows:

• Step 0: Start from a pre-defined t, a threshold value T,
M sensor candidates, and K circuit blocks.

• Step 1: Collect N sampling data points {x(n)} and {f (n)}
where n = 1, 2, . . . , N .

• Step 2: Form X = [x(1) · · ·x(N)] and F =
[f (1) · · ·f (N)] in (18).

• Step 3: Form Z and G in (19) by normalizing X and
F .

• Step 4: Solve the Group Lasso optimization problem
in (20), and then calculate {‖βm‖2;m = 1, 2, . . . ,M}.

• Step 5: If ‖βm‖2 > T where m ∈ {1, 2, · · · ,M}, the
m-th sensor is selected. Otherwise, the m-th sensor is
not selected. Assume Q sensors are selected, and their
indexes are {Sq; q = 1, 2, · · · , Q}.

• Step 6: Form XS in (26) based on X and {Sq; q =
1, 2, · · · , Q}.

• Step 7: Learn the model coefficients αS in (27) by
solving the OLS optimization problem in (25).

• Step 8: Form the prediction models in (28) using αS and
cks.

There are two clarifications we need to make for the above
steps. First, different t values result in different number of
(i.e., Q) selected sensors. To choose an appropriate t so that
a small number of sensors are selected and the prediction
models in (28) are satisfactorily accurate, we typically sweep
the value of t in a large range. Namely we start from a small t,
run steps 1 to 8, resulting in very compact prediction models
in (28). Next, we increase t, and repeat Steps 4 to 8. The
prediction model will become more accurate at the expense
of utilizing more sensors. The aforementioned flow proceeds
until t reaches the maximal value in the sweeping range. As
long as the sweeping range is large enough, we should be able
to find an appropriate t so that the prediction models in (28)
are sufficiently accurate by using a relatively small number
of sensors. Second, the values of ‖βm‖2 for selected sensors
are much larger than those for un-selected sensors, which is
demonstrated by our experimental results in Section VI-B1.
Hence, it is easy to determine the threshold value T so that
important sensors and unimportant sensors are appropriately
classified.

V. OUR METHODOLOGY FOR SENSORS WITH BINARY
OUTPUTS

In this section, we consider the case when the sensors have
binary readings. Superficially, the methodology described in
this section seems a bit similar to that in Section IV. In fact,
however, the mathematical formulation in this section is totally
different, because we are now solving a discrete problem
– predicting the voltage emergency based on binary sensor
outputs in BA – instead of the continuous problem presented
in Section IV that is based on analog sensor readings.
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A. Our Integrated Solution to the Binary Case

In this section, we present our approach for building a
binary-sensor-based emergency detection system.

As discussed in Section IV-A, if a sensor is not important for
accurate prediction, its associated model coefficients should
be close to zero. Based on this observation, we integrate the
Group Lasso and the SVM (see Section II-B), and formulate
a modified SVM optimization problem as follows

min
α,ξ

(n)
k ,ck

1

2
‖α‖2F + C

K∑
k=1

N∑
n=1

ξ
(n)
k + λ

M∑
m=1

‖αm‖2

s.t.


f
(n)
k · (

M∑
m=1

αk,m · x(n)m + ck) ≥ 1− ξ(n)k

ξ
(n)
k ≥ 0

(30)

where k = 1, 2, . . . ,K, n = 1, 2, . . . , N , and
• parameter N denotes the number of input data sampling

points (see Eq. (18)),
• variable αk,m, together with the corresponding column

vector αm and matrix α , is defined in Section III,
• variable ck is given in Eq. (17),
• slack variable ξ(n)k is used in SVM (see Eq. (10)),
• x

(n)
m ∈ {1,−1} and f (n)k ∈ {1,−1} are input binary data

points, and
• parameter λ is a user-defined weighting factor.
The objective in Eq. (30) is the sum of each block k’s

SVM modeling problem with the same box constraint C,
and a penalty term adopted from Group Lasso. Similarly, this
problem can also be reformulated as the following problem:

min
α,ξ

(n)
k ,ck

1

2
‖α‖2F + C

K∑
k=1

N∑
n=1

ξ
(n)
k

s.t.


‖α1‖2 + ‖α2‖2 + · · ·+ ‖αM‖2 ≤ t

f
(n)
k · (

M∑
m=1

αk,m · x(n)m + ck) ≥ 1− ξ(n)k

ξ
(n)
k ≥ 0

(31)

When t is sufficiently large, Eq. (31) regresses to the tradi-
tional linear SVM classification problem. When t decreases,
the penalty on coefficients is gradually reinforced, therefore
differentiates the significance of different sensor candidates.
Similar to the analog case in Section IV-A, if the g-th sensor
is more important than the h-th sensor, ‖αg‖2 should be larger
than ‖αh‖2, where g, h ∈ {1, 2, . . . ,M}. In other words, the
unimportant sensors are likely to have extremely small model
coefficients after solving Eq. (31). Hence, we can identify the
set of important sensors based on the values of ‖αm‖2.

Once problem (31) is solved, similar to the continuous case
presented in Section IV-A, we can define a threshold value T
to filter out relatively less important sensors, and then identify
a small number of Q important sensors as

S = {S1, S2, . . . , SQ} (32)

where Sq represents the sensor index of the q-th selected
sensor.

B. Prediction Model Refinement

To predict the emergency status of hotspots in FA, we apply
SVM to each block k separately again:

min
ωS

k ,ck,ξ
(n)
k

1

2
‖ωSk ‖22 + Ck

N∑
n=1

ξ
(n)
k

s.t.

{
f
(n)
k · (ωSk · x

(n)
S + ck) ≥ 1− ξ(n)k

ξ
(n)
k ≥ 0

(33)

where n = 1, . . . , N and

x
(n)
S = [x

(n)
S1

x
(n)
S2

. . . x
(n)
SQ

]T (34)

is the vector of n-th data points of the Q selected sensors, and

ωSk = [ωS1

k ωS2

k . . . ω
SQ

k ] (35)

denotes the new prediction coefficient vector with ωSq

k as the
coefficient of the Sq-th sensor.

After solving problem (33) we can find the optimal ωSq

k

and ck as ωSq∗
k and c∗k, and the emergency status of hotspot k

(k = 1, 2, . . . ,K) in FA can be predicted using the following
function:

f∗k = sign

( Q∑
q=1

(ω
Sq∗
k · xSq

) + c∗k

)
(36)

where xSq
denotes the reading of the Sq-th binary sensor, and

f∗k ∈ {1,−1} denotes the predicted emergency status of the
hotspot in the k-th circuit block.

Similar to Eq. (29), we can easily extend the model in
Eq. (36) for temporal prediction as

f∗k (t) = sign

( Q∑
q=1

(ω
Sq∗
k · xSq

(t)) + c∗k

)
. (37)

C. Summary and Discussion

In this section, we summarize our solution to the case with
binary sensor readings, and further discuss some implemen-
tation details of the techniques presented in Sections V-A
and V-B. The binary solution can be summarized as follows:

• Step 0: Start from a pre-defined t, a threshold value T,
M sensor candidates, and K circuit blocks.

• Step 1: Collect N sampling binary data points {x(n)}
and {f (n)} where n = 1, 2, . . . , N , x(n)m ∈ {1,−1} and
f
(n)
k ∈ {1,−1}.

• Step 2: Solve the modified SVM optimization problem
in (31), in which the optimal C is achieved by cross-
validation.

• Step 3: Then calculate {‖αm‖2;m = 1, 2, . . . ,M}.
• Step 4: If ‖αm‖2 > T where m ∈ {1, 2, · · · ,M}, the

m-th sensor is selected. Otherwise, the m-th sensor is
ignored. Assume Q sensors are selected, and their indexes
are {Sq; q = 1, 2, · · · , Q}.

• Step 5: Solve the SVM problem in (33) for each block
and build its individual classifier for emergency status
prediction.
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One possible approach for solving the optimization problem
in Eq. (31) is conic optimization, a common type of opti-
mization problem that can be easily solved by many solvers
such as [38]. Note that each ‖αm‖2 (m = 1, 2, . . . ,M ) can
be transformed into a quadratic cone by introducing one new
variable tm:

tm ≥ ‖αm‖2 =
√
α2
1,m + α2

2,m + · · ·+ α2
K,m (38)

Then the problem (31) can be transformed to the following
optimization problem after variable substitutions:

min
βk,m,ξ

(n)
k ,tm,ck

1

2

K∑
k=1

M∑
m=1

βk,m + C

K∑
k=1

N∑
n=1

ξ
(n)
k

s.t.



t1 + t2 + · · ·+ tm ≤ t

f
(n)
k · (

M∑
m=1

αk,m · x(n)m + ck) ≥ 1− ξ(n)k

ξ
(n)
k ≥ 0

tm ≥
√
α2
1,m + α2

2,m + · · ·+ α2
K,m

βk,m = αk,m
2

(39)

where k = 1, . . . ,K and m = 1, . . . ,M .
In problem (39), there are two user-defined parameters C

and t. Given a t, we can find the corresponding optimal
C that maximizes the model accuracy of modeified SVM
in Section V-A by cross-validation. Fig. 4 shows one such
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Fig. 4: The model error w.r.t the value of C, when t = 10.

example with t = 10: as we increase the value of C, the
model accuracy continues to increase first until it reaches its
maximum, then it starts to decrease as we further increase C.
Therefore, C ≈ 0.025 is the optimal value for this example.
The same step is required to find the optimal Ck when building
the prediction model for the hotspot in k-th circuit block in
Section V-B.

VI. EXPERIMENTAL RESULTS

A. Experimental Setup

In this section, we introduce how to obtain the voltage
samples of the sensor candidate locations in BA and the noise
critical nodes in FA of a given chip, which are used to train
our sensor placement approach and voltage prediction model.

In our experiments, we consider an industrial chip with
30 function blocks. As stated in Section III, we divide the
whole chip into two areas: FA, that is the area covered by all

Runtime Statistics Power Profiles

Full-Chip Voltage Maps

GEM5 McPAT Transient Analysis

Fig. 5: Our flow to obtain the voltage samples.

the function blocks, and BA, the remaining area in the chip.
We select one hotspot node within each function block which
has the worst noise during a sampling simulation period, and
assume all the power grid nodes within BA to be candidate
nodes for sensor readings. Note that our method allows the
users to select more hotspot nodes within each block if needed.

Fig. 5 summarizes the key steps in our work to obtain the
voltage samples for the hotspot nodes and sensor candidate
nodes:

1) We use a full system architecture simulator GEM5 [39]
to run the PARSEC 2.1 benchmarks [40] to generate the
runtime statistics of all the function blocks.

2) We then use McPAT [41] with power gating enabled to
analyze these runtime statistics and generate the power
profiles of all the function blocks.

3) After that, we perform transient simulation on the power
grid for the whole chip, to find the voltage traces of
all the power grid nodes, including those hotspot nodes
and sensor candidate nodes. In our experiments, the
supply voltage VDD is set to be 1.0V, and the emergency
threshold is set to be 0.85V.

4) At a certain sampling time point, the voltages of all
the nodes on chip form a complete voltage map. So
we can generate the full-chip voltage map at a certain
time point from the voltage traces of the power grid
nodes. The numbers of training and validation samples
affect the performance of our proposed approaches. In
our experiments, we did a few tests and finally chose
10,000 randomly-selected voltage maps as the training
set and another 180,000 samples as the validation set.

B. Results for Analog Sensors
1) Sensor selection and model accuracy: As stated in

Section II-A, the user-defined parameter t introduced by
Group Lasso places a direct constraint on the model l2-norm
coefficient of each sensor candidate, and further affects the
number of sensors we select for a given chip. Fig. 6 shows the
values of coefficient ‖βm‖2 for each analog sensor candidate
m when t = 10 and t = 30. Obviously, most coefficients
are between 10−5 to 10−10, and only a small number of
coefficients are larger than 10−5. When t = 10, only 2
coefficients are much larger than 10−5, so these two sensors
can be seen as important in predicting the voltage on this chip.
When we increase t to 30, 5 more coefficients have “jumped”
upward and exceed 10−5. Intuitively, if we continue to increase
t, more coefficients will reach a relatively higher value, but it is
still easy for us to find a threshold T to divide the coefficients
(corresponding to the sensor candidates) into two different
clusters, i.e., to decide whether each sensor candidate can be
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Fig. 6: ‖βm‖2 for analog sensor candidates in one core.

selected in the placement: If the m-th coefficient is larger than
T , we consider the voltage of candidate m has a strong impact
on the prediction of the voltage at the hotspot nodes, thus
candidate m is selected; otherwise, candidate m is excluded
in the placement. In our experiments, T is set to be 10−3.

In our work we introduce relative error to quantify the
accuracy of our emergency prediction model for the analog
case. Relative error represents the deviation of predicted value
from real value, and is defined as

Relative error =

√∑
(pred val − real val)2∑

real val2
(40)

Fig. 7 clearly shows how the number of selected sensors and
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Fig. 7: How the value of t affects the number of selected
analog sensors and relative error.

model accuracy (of all the 19 benchmarks) vary with the
change of t. As we increase t, the relative error reduces fast
initially and then starts to flat out. This is because a larger t
imposes less penalty on model coefficients, and therefore more
candidates that are slightly less important can be included in
the placement, which can increase the accuracy of our predic-
tion model significantly at first, but the benefit we can achieve
is decreasing when the number of used sensors exceeds a
certain point. This is justified by another result. Fig. 8 shows
part of the voltage trace at one hotspot node predicted by our
model (see Eq. (28)). We can see that, compared to the real
voltage trace obtained by transient simulation, the deviation

Real
Pred, 2 sensors selected
Pred, 7 sensors selected
Pred, 10 sensors selected

Fig. 8: Predicted voltage vs. real voltage of one hotspot node
in the chip.

of the predicted voltage trace from the real one is about 1mV
with 2 used sensors, if we increase the sensor number to 7, it
can be further reduced to 0.1mV. However, if we use as many
as 10 sensors, the deviation can only be reduced to 0.05 mV.

In summary, to achieve better prediction results, we should
use more sensors for a chip. However, on the other hand, due
to the area and test cost of the sensors, together the reducing
benefit of using more sensors, we should control the number of
used sensors. Therefore, a designer needs to strike a balance
between the design cost and the reliability of the chip, by
playing with the parameter t to select a best set of sensors to
use.

2) Comparison with prior work: In this section, we further
compare our work with Eagle-Eye [26] – the latest work in
literature that also solves the noise sensor placement problem –
in terms of three error rates listed below. For fair comparison,
we use the same setup for Eagle-Eye and our methodology
in our experiments. It should be noted that both Eagle-Eye
and our proposed work employ (continuous) simulated voltage
waveforms for model training. For emergency detection, we
define two emergency flags, fr for the real (simulated) voltage
samples, and fp for the predicted emergency status obtained
by either Eagle-Eye or our prediction models. fr or fp can
be computed by comparing the real or predicted voltage at
the hotspots with a predefined threshold voltage: if at least
one hotspot voltage falls below the threshold voltage, we set
the emergency flag to be “1”, otherwise set it to be “0”. With
the help of emergency flag, we can compare our methodology
directly with Eagle-Eye in terms of three error rates:

• Miss error rate (MER): This is the probability that the
emergencies occurred in the FA are not detected by the
voltage sensors in Eagle-Eye, or the prediction model in
our work.

MER =
# ofsamples with fp = 0&fr = 1

# ofsamples with fr = 1
(41)

• Wrong alarm error rate (WAER): This is the probability
that there are no emergencies occurred in the FA, but the
voltage sensors alarm as in Eagle-Eye, or the prediction
model alarms in our work.

WAER =
# ofsamples with fp = 1&fr = 0

# ofsamples with fr = 0
(42)

• Total error rate (TER): This is the probability that the
voltage sensors in Eagle-Eye or the prediction models in
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our work report a wrong state of the noise critical nodes
in the FA.

TER =
# ofsamples with fp 6= fr
# of total tested samples

(43)

Our work differs with Eagle-Eye in that we use a different
approach to select the voltage sensors, and we further build
a prediction model based on these selected sensors for the
hotspot nodes in the FA to accurately predict their real voltage
values.

We compare these two approaches on 19 benchmarks. Com-
pared to Eagle-Eye, our analog approach can reduce both the
total error rate (Table I) and the miss error rate (Table II) by
more than half for all the benchmarks. It is also shown that the
wrong alarm error rate (Table III) can be significantly reduced
with more sensors being used. Above all, our approach can
achieve improvements over Eagle-Eye in terms of all three
kinds of error rate. One thing should be noticed is that total
error rate does not simply equals to the sum of miss error
rate and wrong alarm error rate, because total error rate
measures all wrong predictions, but miss error rate and wrong
alarm error rate are two conditional probabilities which only
consider one status (emergency occurs/doesn’t occur) as their
conditions.

Fig. 9 shows the locations of sensors respectively selected
by our approach and Eagle-Eye when only 7 sensors are
available. Blocks that are functionally relative or similar are
grouped into one unit as denoted by one color. We can see that
Eagle-Eye places 6 of 7 sensors around or in the blue-colored
unit (the execution unit), because it tends to select the sensor
candidates with worst voltage noise. In contrast, our proposed
approach selects only 4 sensors within the blue-colored unit,
and spare 3 sensors for the other function units. This is because
our approach seeks to find the sensor candidates that have the
strongest correlation with the voltages at the circuit blocks, and
such candidates may not necessarily have the worst voltage
noise.

C. Results for Binary Sensors

In this section, we present our results for the methodology
presented in Section V.

As stated in Section V-A, the user-defined parameter t
places a direct constraint on the model coefficient ‖α‖m of
each binary sensor candidate, and further affects the number
of binary sensors we select for a given chip. Fig. 10 shows the
values of coefficient ‖αm‖2 for each binary sensor candidate
m when t = 11 and t = 20 respectively. Similar to the analog
case, most coefficients are less than 10−5, and they can be
easily divided into two clusters. Therefore, we can also use a
pre-defined threshold T to decide whether a sensor candidate
can be selected in the placement. In the binary case, T is also
set to be 10−3.

Fig. 11 shows how the number of selected binary sensors
and model accuracy change with the increase of t. Here
prediction error means the prediction error of the constructed
SVM model (see Eq. (36)).

As discussed in Section V-A, a larger t imposes less penalty
on model coefficients, and therefore those candidates that are
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Fig. 10: ‖αm‖2 for binary sensor candidates in one core.
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Fig. 11: How the value of t affects the number of selected
digital sensors and prediction error.

slightly less important are also included in the placement, as
the same as analog case.

Fig. 12 shows part of the emergency flag trace generated
by our prediction model, with 5, 15 and 20 sensors used
for the chip respectively. In the figure, “1” represents a
voltage emergency occurs at that moment and “0” means no
emergency. Obviously, the blue line (predicted with 5 sensors)
has a 52.2% prediction accuracy (47 right predictions from
80 sampling intervals). When the number of used senor are
increased to 15, the accuracy significantly rises to 96.25%.
But the prediction accuracy only has an improvement of 2.5%
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Fig. 12: Predicted voltage vs. real voltage of one hotspot
node for a sampling period with 80 intervals.
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TABLE I: The total error rate results (in percentage %) with different number of placed analog sensors.

Benchmark #sensor=17 #sensor=31 #sensor=56 #sensor=78 #sensor=101 #sensor=136
[26] Ours [26] Ours [26] Ours [26] Ours [26] Ours [26] Ours

Bench1 3.03 1.45 3.24 1.17 3.17 1.31 3.13 1.32 2.80 1.31 2.70 1.29
Bench2 2.70 1.17 2.66 1.06 2.58 1.06 2.58 1.03 2.52 1.73 2.50 1.63
Bench3 2.76 0.97 2.02 0.83 1.84 0.99 1.84 0.97 1.72 0.97 1.71 0.96
Bench4 3.07 1.27 3.05 1.13 2.96 1.16 2.94 1.17 2.94 1.20 2.93 1.22
Bench5 3.86 1.53 3.79 1.34 3.71 1.35 3.71 1.34 3.70 1.35 3.69 1.35
Bench6 4.87 1.88 4.82 1.68 4.67 1.36 4.67 1.38 4.66 1.40 4.66 1.41
Bench7 3.62 1.67 3.60 1.32 3.34 1.50 3.30 1.52 3.30 1.60 3.27 1.58
Bench8 2.87 1.26 2.84 1.19 2.76 1.27 2.76 1.25 2.73 1.29 2.71 1.28
Bench9 2.93 1.20 2.78 1.00 2.64 1.04 2.64 1.09 2.63 1.10 2.63 1.11

Bench10 2.81 1.27 2.72 1.06 2.67 1.14 2.67 1.10 2.64 1.12 2.64 1.13
Bench11 3.32 1.54 3.00 1.21 2.85 1.19 2.85 1.22 2.75 1.23 2.75 1.24
Bench12 2.46 1.09 2.40 0.98 2.32 0.90 2.32 0.85 2.26 0.90 2.23 0.88
Bench13 3.62 1.28 3.54 1.18 3.41 0.97 3.40 0.97 3.37 0.95 3.37 0.95
Bench14 3.32 1.54 3.25 1.39 3.08 1.28 3.05 1.35 3.04 1.38 3.03 1.39
Bench15 3.32 1.54 3.58 1.30 3.28 1.23 3.28 1.22 2.84 1.22 2.84 1.20
Bench16 3.32 1.54 2.64 1.15 2.45 1.18 2.43 1.14 2.43 1.17 2.40 1.17
Bench17 3.32 1.54 4.24 1.40 3.95 1.47 3.93 1.39 3.33 1.41 3.32 1.42
Bench18 3.32 1.54 3.80 1.42 3.77 1.54 3.77 1.60 3.70 1.58 3.69 1.63
Bench19 3.32 1.54 4.16 1.47 4.07 1.63 4.07 1.61 3.99 1.63 3.96 1.63
Average 3.35 1.38 (2.5X) 3.27 1.22 (2.7X) 3.13 1.24 (2.5X) 3.12 1.24 (2.5X) 3.02 1.29 (2.3X) 3.00 1.29 (2.3X)

TABLE II: The miss error rate results (in percentage %) with different number of placed analog sensors.

Benchmark #sensor=17 #sensor=31 #sensor=56 #sensor=78 #sensor=101 #sensor=136
[26] Ours [26] Ours [26] Ours [26] Ours [26] Ours [26] Ours

Bench1 9.75 4.20 9.56 3.47 9.35 3.88 9.23 3.91 7.87 3.89 8.11 3.83
Bench2 8.22 3.51 8.11 3.25 7.87 3.25 7.87 3.17 9.49 3.30 7.62 3.27
Bench3 11.52 5.07 11.21 4.56 10.16 5.54 10.15 5.43 8.51 5.42 9.44 5.37
Bench4 8.89 3.68 8.82 3.29 8.56 3.36 8.55 3.38 9.35 3.49 8.47 3.53
Bench5 9.76 3.85 9.57 3.34 9.38 3.43 9.38 3.40 20.62 3.43 9.32 3.43
Bench6 21.62 8.21 21.30 7.43 20.63 6.00 20.63 6.10 12.90 6.19 20.60 6.23
Bench7 14.31 6.59 14.20 5.25 13.04 6.00 12.91 6.08 10.76 6.43 12.76 6.32
Bench8 11.30 4.94 11.19 4.63 10.89 5.03 10.87 4.96 7.95 5.12 10.66 5.07
Bench9 8.88 3.62 8.40 3.05 7.97 3.17 7.97 3.30 7.95 3.35 7.94 3.38

Bench10 12.56 5.65 12.17 4.74 11.93 5.11 11.93 4.94 11.81 5.03 11.81 5.06
Bench11 12.56 4.90 12.51 4.94 11.89 4.97 11.89 5.07 11.45 5.13 11.45 5.19
Bench12 6.13 2.70 5.98 2.46 5.78 2.23 5.77 2.23 5.62 2.26 5.56 2.21
Bench13 11.59 4.10 11.34 3.80 10.91 3.11 10.90 3.11 10.79 3.04 10.78 3.05
Bench14 9.05 4.25 8.56 3.85 8.40 3.56 8.40 3.75 8.28 8.45 8.26 3.86
Bench15 11.18 4.00 10.43 3.79 9.56 3.60 9.55 3.56 8.26 3.55 8.26 3.51
Bench16 9.77 4.36 9.64 4.29 8.91 4.40 8.81 4.26 8.81 4.34 8.70 4.34
Bench17 12.31 4.89 12.05 3.94 11.20 4.19 11.14 3.95 9.43 4.03 9.39 4.04
Bench18 13.95 5.06 13.26 4.96 13.12 5.38 13.12 5.60 12.88 5.51 12.88 5.69
Bench19 12.89 4.93 12.28 4.36 12.02 4.81 12.02 4.78 11.77 4.84 11.70 4.83
Average 11.38 4.66 (2.4X) 11.08 4.18 (2.7X) 10.61 4.26 (2.5X) 10.58 4.26 (2.5X) 10.25 4.57 (2.2X) 10.19 4.33 (2.4X)

(from 96.25% to 98.75%) if we further use 5 more sensors.
This also indicates that the benifit we can achieve decreases
as the number of used sensors grows, as mentioned in analog
case.

We present the total error rate results of 19 benchmarks
in Table IV. We can see that when we increase the number
of placed sensors from as small as 17 to as large as 136,
the total error rate only reduces from 2.67% to 2.33% on
average, which is a little worse than the results for the
continuous case as shown in Table I. This is because in the
analog case, we use more (continuous) information than the
binary case to predict the voltage emergency, and therefore can
achieve higher accuracy. We can also clearly see this result in
Fig. 13 which shows the comparison among Eagle-Eye, our
analog and binary methodologies on the benchmark Bench5.

Furthermore, in our work, we assume that the sensors can only
be placed in blank area. In fact, it is possible for the designers
to place the sensors inside the function area when they design
the circuit blocks, to further improve the prediction accuracy
of our model and therefore achieve better voltage emergency
detection.

We also compare our approach with a method called Max-
Probability-No-Prediction (MPNP), which select the sensors
from the candidates with most emergency occurrences, and
then directly use the outputs of these binary sensors to detect
the emergencies happening at the hotspots. The results are
shown in Table V. We can see that on average, our work can
achieve up to 21% improvement on prediction accuracy when
varying the number of used sensors from 17 to 136.
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TABLE III: The wrong alarm error rate results (in permillage ‰) with different number of placed analog sensors.

Benchmark #sensor=17 #sensor=31 #sensor=56 #sensor=78 #sensor=101 #sensor=136
[26] Ours [26] Ours [26] Ours [26] Ours [26] Ours [26] Ours

Bench1 0.283 0.597 0.281 0 0.280 0 0.280 0 0.280 0 0.250 0
Bench2 0.370 0.093 0.370 0 0.360 0.031 0.354 0 0.354 0 0.349 0
Bench3 0.127 0.229 0.127 0.229 0.254 0 0.254 0 0.213 0 0.180 0
Bench4 0.159 0.095 0.159 0.032 0.159 0 0.159 0 0.159 0 0.159 0
Bench5 0.138 0.172 0.138 0.448 0.138 0 0.138 0 0.133 0 0.133 0
Bench6 0.027 0.269 0.027 0 0.027 0 0.021 0 0.018 0 0.015 0
Bench7 0.069 0.305 0.069 0.139 1.110 0 1.110 0 1.110 0 1.110 0
Bench8 0.279 0.223 0.276 0.251 0.276 0 0.270 0 0.270 0 0.265 0
Bench9 0.310 0.155 0.300 0.031 0.300 0.031 0.285 0.031 0.285 0 0.285 0
Bench10 0.134 0.08 0.134 0.027 0.134 0 0.130 0 0.127 0 0.127 0
Bench11 0 0.575 0 0.411 0 0 0 0 0 0 0 0
Bench12 0.277 0.139 0.275 0.069 0.270 0 0.270 0 0.266 0 0.265 0
Bench13 0.061 0 0.061 0 0.060 0 0.055 0 0.055 0 0.055 0
Bench14 0.944 0.130 0.944 0.163 0.944 0 0.936 0 0.936 0 0.936 0
Bench15 0.158 0.053 0.158 0.053 0.158 0 0.158 0 0.158 0 0.158 0
Bench16 0.683 0.569 0.683 0 0.883 0 0.883 0 0.883 0 0.883 0
Bench17 0.225 0.193 0.225 0.193 0.321 0.193 0.321 0 0.321 0 0.321 0
Bench18 0.029 0.058 0.029 0.03 0.029 0.005 0.029 0.005 0.027 0 0.027 0
Bench19 0.189 0.063 0.189 0.044 0.189 0 0.189 0 0.189 0 0.189 0
Average 0.235 0.210 (1.2X) 0.234 0.112 (2.1X) 0.310 0.014 (22X) 0.307 0.002 (153X) 0.305 0 0.300 0

Proposed with 7 sensors

(a) Senor placement results of our approach.

EagleEye with 7 sensors

(b) Sensor placement results of Eagle-Eye.

Fig. 9: Selected sensor locations by our proposed analog approach and Eagle-Eye.
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Fig. 13: The error rate results of Bench5.

VII. CONCLUSION

In this work we exploit machine learning techniques to
develop a voltage emergency detection system based on noise
sensors with either analog or binary readings. These noise
sensors are assumed to be placed in the blank area of the
chip. To detect emergencies at the hotspots in the function
area on chip, we first build either a prediction model (for
analog case) or a classifier (for binary case) for each hotspot
location, then apply the Group Lasso approach to select the
small set of important sensors. After that, for the analog case,
we use an ordinary least square approach to further refine
the model coefficients, while for the analog case, we use
SVM to build the accurate classifier for each hotspot location.
Results on a big set of benchmarks show the effectiveness of
our approaches on voltage emergency detection for these two
cases.
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TABLE V: The comparison of our methodology with MPNP in terms of the total error rate (in percentage %).

Benchmark #sensor=17 #sensor=31 #sensor=56 #sensor=78 #sensor=101 #sensor=136
MPNP Ours MPNP Ours MPNP Ours MPNP Ours MPNP Ours MPNP Ours

Bench1 3.04 3.32 3.04 2.48 3.02 1.97 3.02 1.97 3.02 1.96 3.02 1.95
Bench2 3.15 4.10 3.12 3.62 3.16 3.40 3.17 3.40 3.16 3.38 3.16 3.38
Bench3 2.79 1.73 2.79 1.70 2.77 1.58 2.78 1.57 2.78 1.56 2.78 1.56
Bench4 3.02 3.09 3.01 3.01 3.00 2.87 3.00 2.86 3.00 2.86 3.00 2.86
Bench5 1.57 3.03 1.57 3.01 1.54 2.95 1.54 2.95 1.54 2.94 1.54 2.93
Bench6 3.32 3.20 3.32 3.17 3.32 3.15 3.30 3.14 3.30 3.13 3.30 3.13
Bench7 2.98 2.73 2.97 2.70 2.97 2.67 2.97 2.66 2.97 2.66 2.97 2.60
Bench8 2.12 1.54 1.87 1.59 1.85 1.57 1.85 1.55 1.85 1.55 1.87 1.55
Bench9 2.54 2.98 2.53 2.80 2.51 2.73 2.51 2.65 2.51 2.61 2.51 2.59
Bench10 4.12 2.45 4.11 2.46 4.11 2.14 4.11 2.13 4.11 2.12 4.11 2.12
Bench11 2.01 1.64 1.84 1.62 1.83 1.58 1.83 1.53 1.86 1.53 1.86 1.53
Bench12 2.98 2.78 2.97 1.98 2.97 1.94 2.97 1.87 2.97 1.87 2.97 1.87
Bench13 5.01 3.89 5.01 3.15 5.01 3.15 5.12 3.12 5.12 3.12 5.12 3.12
Bench14 3.07 2.15 3.06 2.10 3.05 2.10 3.05 2.10 3.05 2.10 3.05 2.10
Bench15 2.34 2.20 2.21 2.30 1.98 2.23 1.98 2.23 1.98 2.07 1.98 2.07
Bench16 2.52 2.26 2.52 2.15 2.52 2.08 2.51 1.94 2.51 1.94 2.51 1.94
Bench17 1.56 2.08 1.87 2.40 1.79 2.12 1.79 2.10 1.79 2.10 1.79 2.10
Bench18 4.04 3.00 4.04 3.00 4.04 2.90 4.04 2.90 4.03 2.88 4.03 2.88
Bench19 3.12 2.69 3.12 2.47 3.12 2.43 3.12 2.43 3.12 2.12 3.11 2.11
Average 2.91 2.67(1.09X) 2.86 2.51(1.14X) 2.84 2.40(1.18X) 2.85 2.37(1.20X) 2.84 2.34(1.21X) 2.84 2.33(1.21X)

TABLE IV: The total error rate results (in percentage %)
with different number of placed binary sensors.

Benchmark Number of placed binary sensors
17 31 56 78 101 136

Bench1 3.32 2.48 1.97 1.97 1.96 1.95
Bench2 4.10 3.62 3.40 3.40 3.38 3.38
Bench3 1.73 1.70 1.58 1.57 1.56 1.56
Bench4 3.09 3.01 2.87 2.86 2.86 2.86
Bench5 3.03 3.01 2.95 2.95 2.94 2.93
Bench6 3.20 3.17 3.15 3.14 3.13 3.13
Bench7 2.73 2.70 2.67 2.66 2.66 2.60
Bench8 1.54 1.59 1.57 1.55 1.55 1.55
Bench9 2.98 2.80 2.73 2.65 2.61 2.59
Bench10 2.45 2.46 2.14 2.13 2.12 2.12
Bench11 1.64 1.62 1.58 1.53 1.53 1.53
Bench12 2.78 1.98 1.94 1.87 1.87 1.87
Bench13 3.89 3.15 3.15 3.12 3.12 3.12
Bench14 2.15 2.10 2.10 2.10 2.10 2.10
Bench15 2.20 2.30 2.23 2.23 2.07 2.07
Bench16 2.26 2.15 2.08 1.94 1.94 1.94
Bench17 2.08 2.40 2.12 2.10 2.10 2.10
Bench18 3.00 3.00 2.90 2.90 2.88 2.88
Bench19 2.69 2.47 2.43 2.43 2.12 2.11
Average 2.67 2.51 2.40 2.37 2.34 2.33
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