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features in the data, upon top of ODM, we propose
AODM, the averaged ODM method, which tries to build
a weighted model over all the possible feature sets.
Finally, we apply our AODM method to several artiﬁcial
data sets and also one of the important research problems
in EDA – the power estimation of a muliticore chip –
and show its effectiveness by comparing its performance
with the commonly used Ordinary Least Square (OLS)
method in machine learning.
The rest of the paper is organized as follows. We
introduce preliminaries about power estimation and OLS
in Section 2. We then discuss our AODM method in
Section 3. After that we verify the effectiveness of our
proposed methodology by results presented in Section 4.
Finally, we make conclusions in Section 5.

Abstract—Machine learning has been recently applied
to solve challenging research problems in the EDA area.
The performance of the machine learning algorithms are
vulnerable to effects such as the outliers and the insigniﬁcant features in the input training data set. In this paper,
we propose a model averaging method, together with an
outlier detection method, to make the machine learning
process more robust to such contaminating effects. Results
on artiﬁcial and chip power estimation data sets show
that our method behave much better than the conventional
ordinary least square method which is widely used in the
machine learning community.

1. Introduction
Machine learning [1], [2] has been recently applied to
tackle challenging research problems in the EDA area,
such as high level synthesis [3], physical design [4],
circuit test [5], [6] and design for manufacturing [7]–[9].
Prior works [10], [11] compare the sensitivity of different
machine learning methods to the outliers (also known as
noise), and their results show that when the noise level
increase, the accuracy of the models generated by the
machine learning methods deteriorate fast. Therefore, to
ensure the machine learning methods behave well, all
these work require clean training sets to ﬁt the models
which are typically known as prior knowledge in the
EDA community.
However, in the real world it is inevitable that the
collected data sets contain a certain level of noise, which
arises because of human error, instrument error, fraudulent behavior and faults in systems, etc. [12] Prior work
on purifying the data can be roughly categorized into
parametric methods and non-parametric methods. Different from non-parametric methods, parametric methods
need a priori data knowledge [12], i.e., a speciﬁc distribution model. For instance, Minimum Volume Ellipsoid
estimation (MVE) [13] ﬁts the smallest permissible ellipsoid volume around the majority of the data.
In this work, we propose a parametric method named
Outlier Detection Method (ODM) for building robust
models in presence of outliers. Different from [14] which
removes one outlier after another, in ODM we use a
user-deﬁned parameter to isolate the outliers. To further
minimize the uncertainty brought by the insigniﬁcant
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2. Preliminaries
Fast power analysis is critical for performance and
reliability optimization in a multicore chip. Rather than
running slow micro-architectural-level and RTL-level
simulations, in the past decade, people have explored
the usage of performance counters to estimate the chip
power [15]–[20]. Their results show that a linear model
like
K

xi · c i + b
(1)
p=
i=1

is sufﬁcient for system-level power estimation. In (1), p
is the power consumption of a processor chip, K is the
number of available performance counters, ci is the value
for the i-th counter, xi is the coefﬁcient for i-th counter
and b is a constant.
Given the fact that it is easy to obtain enough data
sets of (counter, power) by running a certain period of
simulations, the coefﬁcients in model (1) can be trained
by regression methods such as Ordinary Least Square
(OLS) in machine learning, as [15], [18]
min P − Cx − B2
x,b
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machine learning algorithm? A conventional way to solve
this problem is to minimize a least square problem as

(3)

f˜(X) = arg min y − f (X)2
f
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where f˜(X) is the optimal model trained on the data
set {X, y}. However, such approach fails to exclude the
outliers in building the model and therefore suffers from
accuracy issue. In our work, we propose to address this
issue by introducing an outlier detection matrix Q to the
problem (7) as

Matrix C denotes N samples with M features (i.e.,
performance counters) that may contribute to the power
for the functional block or system of interest. P denotes
the corresponding power consumption of each sample,
thus an N ∗ 1 vector. x denotes the coefﬁcient vector and
B is a constant vector of b in (1).

min Q(y − f (X))2
f

(8)

where Q is a diagonal matrix whose element Q(i, i) indicates whether the i-th training sample {X(i, :), y(i, 1)}
is an outlier point.
The matrix Q is deﬁned as follows
⎡
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3. Proposed Method
Suppose a training set {X, y} is given for a machine
learning process, where
N ×M
• matrix X ∈ R
is the training data, whose each
row represents a training sample and every column
represents a training feature, and
N
• y ∈ R
is the corresponding vector of training
labels.
The performance of a machine learning approach used
for model ﬁtting is affected by two factors:
• Outliers in given training set: There may exist
mismatch between an observed label and the real
label, which has contaminating effect on the model
accuracy.
• Uncertainty in features: the training data X may
contain both signiﬁcant and insigniﬁcant features. In
high dimension space, the dimension of insigniﬁcant
features might disturb the learning process, thus
diverge the learned model from real model, which
decreases the performance of a trained model.
We present our solutions to minimizing the side effect
of the above two factors respectively in Section 3.1 and
Section 3.2.

where vector

e = y − f˜(X)

(10)

represents the residual vector between training label
vector y and the value predicted by model f˜(X) (See
Equation (7)), and ϕ(x) is an outlier sample detection
function deﬁned as
ϕ(x) =

0 , |x| > ασ
1 , else

(11)

In our work, to get matrix Q, we ﬁrst solve the traditional problem (7) to get an inaccurate model, then use
Equation (10) to ﬁnd the residual vector e. Finally, we
can obtain matrix Q using Equation (11).
In Equation (11), α is a user-deﬁned parameter to
ﬁlter out the outliers. A small α will identify more
samples as outliers, while a big α will be more strict
to identify outliers. By introducing an outlier matrix
Q in Equation (8), we isolate outliers samples in the
machine learning processing, thus result in improved
model performance. For the special case of Q = I, our
method is degenerated to the conventional method shown
in (7).

3.1 Outlier Detection Method (ODM)
The modeling process of applying a machine learning
approach can be theoretically represented as
y = f (X) + 

(7)

(6)

where f (X) represents a certain relationship (more
speciﬁcally, model) between X and y, and  is the model
error which reﬂects the uncertainty of the training process
when building a model from X and y, and is often
modeled as a Gaussian variable, i.e. x ∼ N (0, σ 2 ).
As stated before, due to the existence of the outliers
in the input data set {X, y}, the trained model f (X)
may not be accurate. So the question is, given the noise
in the data set, how to learn an accurate model using a

3.2 Average Outlier Detection Method (AODM)
In Section 3.1, we discuss our solution to the issue of
outliers in the input training data set. In this section, we
present our solution to the uncertainty arises from the
feature selection process. Traditionally, a good training
set is often given by a specialist. However, if this is not
the case and the training set has unimportant or even selfcontradicting features, then a robust method is required to
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build a good model on a bad training set. In our work, we
solve this problem by a general model averaging method
that is adapted from Bayesian Average Modeling [21].
Suppose Σk is another diagonal feature selection matrix whose i-th element is 1 only if the i-th feature in
X is selected. Based on the ODM model presented in
Equation (8), we can deﬁne the new outlier detection
model with feature selection as
1
min Q(y − f (XΣk ))2
(12)
Ek =
Trace(Σk ) f
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Figure 1. Comparison between our ODM method and OLS.

show that our ODM is more robust to the presence of
outliers than OLS.

where Ek is the error in the best model found by the least
square method, normalized by the number of selected
features for the modeling. Then the model averaged over
all the possible feature selection results can be written as
2M
1
k=1 Ek Mk
M
2
1
j=1 Ej

Observed value
Real model
ODM model
OLS model

40

Table 1
Comparison between ODM and OLS.

 • 2
(13)

ODM
4.40

OLS
7.80

Further, we extend the training set to 2D dimension.
We use the same training data x1 in Fig. 1 and add an
uncorrelated randomly sampled data x2. Fig. 2 shows
the results. As can be seen, the learned model by our
AODM method (AODM model plane) is between real
model plane and OLS model plane, which indicates that
our AODM method is more robust than OLS. This is also
conﬁrmed by the data results presented in Table 2.

where Mk represents the model coefﬁcients trained from
the data set {XΣk ,y}. Note that XΣk is always a N ×M
matrix, hence the number of coefﬁcients for models of
different selected feature set sizes is the same and thus
addable. Besides, averaging over all the models provides
better average predictive ability than using any single
model [22], this is because, by building an averaged
weighted model, model Mk with big Ek has small
contribution to the averaged model Maverage , hence
uncertainty in X can be eliminated.
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4. Experimental Results
In this section, we will present results to show the
effectiveness of our proposed methods and show how
AODM can be used to build a better power prediction
model in a multicore chip.
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Figure 2. Observed value, real plane and trained planes.

4.1 Effectiveness of our ODM and AODM Methods

Table 2
Comparison between AODM and OLS.

In this section we compare our methods with traditional machine learning method OLS (see Section 2) on
artiﬁcial data sets.
It should be noted that, α in Equation (11) is determined by the given training set {X, y} and largely affects
the the model accuracy. If outliers are far from inliers,
then a big α may work. In contrast, if outliers are not
far from inliers, a big α makes the model fail to ﬁnd
outliers, thus its performance will be the same as OLS.
In this section, we found that α = 0.6 worked well for
our experiments.
Fig. 1 shows the results. We artiﬁcially added some
noise to a real model and get the observed values. Then
we trained a model with {X, y} by ODM and OLS
respectively. As can be seen in Fig. 1, our method gives
a better-explained model than OLS, which is more closer
to the the real model. We also compare the L2 norm of
the predicted result to the real value in Table 1, results

 • 2

AODM
7.30

OLS
15.59

4.2 Application to Power Prediction
In this section, we further apply our AODM method
to power modeling.
We use a full system multicore simulator GEM5 [23]
to simulate the standard SPEC CPU2006 [24] benchmarks on a multicore chip to generate the performance
counters. We then use McPAT [25] to generate the power
proﬁles of the processor chip. Since the power proﬁles
are simulated and no real power information is available,
in order to compare the result of our method and OLS,
a criterion is applied to estimate the result as
Emethod =
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1
Q(y − fmethod (X))2
Trace(Q)

(14)

Estimated power

In Equation (14), Emethod and fmethod represent the
optimal error and used method (AODM or OLS in our
experiment) respectively. Note that this criterion does
not include the outliers. To compare the performance
between AOMD and OLS, we use the same testing
samples in our experiment, hence QLSQ is the same
with QAODM at a certain α. Fig.3 shows the results
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Figure 3. Observed power and estimated power.

when α = 0.4. As we can seen, due to the outliers and
uncertainty feature in feature matrix C (see Equation (3)),
model solved by OLS is skewed. In contrast, our method
is more robust and it can build well-explained model for
majority of the observed power samples.
Further, we present how α affects the model accuracy as represented by Emethod in Fig.4. When α is
0.04
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Figure 4. Relationship between Emethod and α.

small, Eourmethod is much smaller then EOLS . When
α increases, Eourmethod gets closer to EOLS . This is
because the outliers are not distinguished due to large
α. But when α is large, Eourmethod is still lower than
EOLS because of the elimination of insigniﬁcant feature
by our model averaging strategy.
5. Conclusion
Performance of a model found by a machine learning approach is pre-limited by the quality of the input
training set. In this paper, we propose two methods to
address the side effects caused by the uncertainty of
training set: an outlier detection method to minimize the
disturbance of learning process caused by the noise in the
training data, and a model averaging method to control
the disturbance caused by the unnecessary features in the
training data. Experiment results that our methods are
more robust than traditional method, resulting in betterexplained models.
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