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Abstract—Leakage power is becoming significant in new
generation IC chips. As leakage power is nonlinearly related
to temperature, it is challenging to manage the thermal behav-
ior of today’s multicore systems, since thermal management
becomes a nonlinear control problem. In this paper, a new
predictive dynamic thermal management (DTM) method with
neural network thermal model is proposed to naturally con-
sider the inherent nonlinearity between leakage and temperature.
We start with analyzing the problems of using recurrent neural
network (RNN) to build the nonlinear thermal model, and point
out that there is exploding gradient induced long-term depen-
dencies problem, leading to large model prediction errors. Based
on this analysis, we further propose to use echo state network
(ESN), which is a special type of RNN, as the leakage-aware non-
linear thermal model. We theoretically and experimentally show
that ESN achieves much higher accuracy by completely avoiding
the long-term dependencies problem. On top of this nonlinear
ESN thermal model, we propose a novel model predictive con-
trol (MPC) scheme called ESN MPC, which uses iterative steps
to find the optimal future power recommendations for thermal
management. Being able to consider the leakage-temperature
nonlinear effects and equipped with advanced control technique,
the new method achieves an overall high quality temperature
management with smooth and accurate temperature tracking.
The experimental results show the new method outperforms the
state-of-the-art leakage-aware multicore DTM method in both
temperature management quality and computing overhead.

Index Terms—Dynamic thermal management (DTM), echo
state network (ESN), leakage power, model predictive con-
trol (MPC), multicore.
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I. INTRODUCTION

OWER density keeps increasing with technology scal-

ing, causing severe thermal related problems in high
performance multicore systems, including system reliability
and performance degradations [1]-[4]. In order to find the
economical and efficient methods to solve the high tem-
perature issue and improve both system performance and
reliability, researchers have proposed dynamic thermal man-
agement (DTM) methods, which control the thermal behavior
of multicore systems by management actions, including task
migration [5]-[10], dynamic voltage and frequency scal-
ing (DVES) [11]-[15], etc. To guide these management
actions, modern DTM methods are employed with advanced
control schemes. For example, model predictive control (MPC)
using linear thermal models was proposed to provide system
power recommendation [16]-[19]. With the help of MPC, the
management actions, such as DVFS and task migration can be
correctly executed.

However, most DTM methods do not consider leakage
power properly, resulting in less accurate thermal manage-
ment [20]. For current high performance systems manu-
factured using new technology, leakage power, which even
accounts for over 50% of the total power consumption, cannot
be neglected anymore [21]. To make matters worse, leak-
age power depends on temperature exponentially [22], [23],
forming a positive feedback between power and temperature:
temperature rise will cause the leakage power increase, and
will in turn cause the temperature to rise further, which may
lead to thermal runaway in the worst case. Therefore, the leak-
age power induced thermal problem has already become one of
the most important limiting factors of IC system performance
today.

The major challenge of considering leakage power in
DTM lies in building a leakage-aware thermal model which
is accurate and works well with DTM methods. It comes
from the fact that most DTM methods require linear ther-
mal models. However, the accurate leakage-aware thermal
model is inherently nonlinear as aforementioned. To miti-
gate this problem, some approximation-based thermal models
considering leakage power were proposed, including explicit
linear approximation models [24]-[28], implicit linear approx-
imation models by system identification [29]-[32], piece-
wise linear approximation models [33], [34], and polynomial
approximation models [20]. However, all these models are
problematic when integrated into DTM as will be discussed
in Section II.
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In this paper, we propose a new leakage-aware DTM
method. In order to handle the nonlinear dependency between
leakage power and temperature accurately, we propose to use
neural network-based control scheme for DTM. After analyz-
ing the problems in applying recurrent neural network (RNN)
to the leakage-aware DTM, we find echo state network (ESN)
not only considers the inherent nonlinearity between leakage
and temperature but also avoids the long-term dependen-
cies problem in normal RNN. Then, MPC specially designed
for this ESN thermal model is introduced to calculate the
future power recommendations for the thermal management.
Being able to consider the leakage-temperature nonlinear
effects and equipped with advanced control technique, the new
method is able to achieve an overall high quality temperature
management with smooth and accurate temperature tracking.

The remaining parts of this paper are organized as fol-
lows. In Section II, we review some relevant researches in
DTM, and present the motivation and major contributions of
this paper. In Section III, we introduce the leakage power
modeling and thermal modeling techniques, which serve as
the basic knowledge of leakage-aware DTM. Then, we demon-
strate the new leakage-aware DTM using neural network-based
control in Section IV. The experimental results showing the
performance of the new method are presented in Section V.
Finally, Section VI concludes this paper.

II. RELATED WORK AND NEW CONTRIBUTIONS
In this section, we briefly review some relevant researches
in DTM, leakage-aware thermal modeling, and leakage-aware
DTM for multi/many-core microprocessors.

On the DTM side, many methods have been
proposed to improve the thermal related performance
of multi/many-core systems [35], [36], and data cen-

ters [37]. DTM method targeting CPU-GPU co-optimization
was introduced in [38] to improve mobile gaming
performance. Palomino et al. proposed adaptive temper-
ature optimization [39] and approximate computing [40]
based DTM methods for video coding process. Machine
learning-based DTM method for HEVC encoding was
introduced in [41]. DTM method which improves both the
performance and reliability of the 3-D ICs was recently
proposed in [42].

The DTM methods above are usually combined with man-
agement actions like task migration and DVFS. Task migra-
tion switches tasks among different cores in multi/many-core
systems to lower the peak temperature of the chip [S5]-[9],
and can also be used to lower the energy consumption in
heterogeneous multicore systems [10]. DVFS controls voltage
and operating frequency to adjust the heat dissipation of the
chip [11], [12]. It was also applied to dark silicon systems
to determine the voltage or frequency levels of the active
cores [13], [14], which was further improved by introduc-
ing the thermal safe power budget (TSP) [43] and dynamic
power budget (GDP) [44]. Works combining task migration
and DVFS were presented in [15], [19], [45], and [46].

The above management actions should be guided by control
schemes. As a result, advanced control methods using MPC
with linear models were proposed to improve the management
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quality [16]-[19], but they failed to consider the nonlinearity
between leakage and temperature.

In order to handle the nonlinearity between leakage and
temperature in DTM and thermal simulation, some leakage-
aware thermal models have been proposed. These models
can be basically classified into three categories: 1) linear
approximation models; 2) piecewise linear approximation
models; and 3) polynomial approximation models. Linear
models which approximate the nonlinearity between leak-
age and temperature linearly were presented in [24]-[28].
System identification-based linear thermal models were also
proposed in [29]-[32], which implicitly linearize the leak-
age. However, these linear models suffer from low accuracy
issue caused by the large linear approximation error. Piecewise
linear approximation models were proposed to improve the
accuracy of the linear models [33], [34]. However, they can
be hardly integrated into an advanced control scheme due
to their complex structures for implementation, so no piece-
wise linear approximation model-based DTM has ever been
proposed. Some researchers proposed polynomial-based mod-
els to approximate the nonlinearity between leakage and
temperature [20]. Although this complicated model improves
accuracy, it can only be applied to thermal management for
single-core systems, because its polynomial is scalar function-
based [20]. In recent years, some learning-based thermal
modeling approaches have been proposed [47], [48], which
have potential in leakage consideration.

There are very few existing leakage-aware DTM meth-
ods based on the leakage-aware thermal models. The method
in [25] minimizes the maximum temperature for periodic hard
real-time systems using linear leakage-aware thermal model.
A similar linear model is also used in [45], but without
advanced control scheme. In addition to the DTM methods
mentioned above with linear model, a DTM method with
quadratic polynomial-based leakage-aware thermal model was
introduced in [20]. However, as mentioned before, this DTM
method can only be used for single-core systems instead of
multicore systems.

The discussions above reveal that it is difficult to design an
accurate leakage-aware DTM method for multicore systems.
In this paper, we resolve this problem by proposing a novel
leakage-aware DTM with neural network-based nonlinear
thermal model. The major contributions of this paper are
summarized as follows.

1) In order to handle the nonlinearity between leakage and
temperature, we propose to build an RNN-based thermal
model for the multicore system. Since RNN is a non-
linear model itself, the leakage induced nonlinearity can
be accurately modeled with proper RNN model structure
and training process.

2) We analyze the problems of using RNN-based ther-
mal model in leakage-aware DTM. Specifically, with
both theoretical analysis and experimental evidence,
we reveal that there is significant exploding gradient
induced long-term dependencies problem for normal
RNN model in this application. Because of this, normal
RNN model shows large temperature estimation error,
thus cannot be used for leakage-aware DTM.

3) Based on the analysis above, we propose to use ESN,
which is a special type of RNN, for leakage-aware
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thermal modeling. We show theoretically and exper-
imentally that ESN is able to avoid the exploding
gradient induced long-term dependencies problem and
thus enables the new leakage-aware nonlinear DTM.

4) We specially designed an ESN-based MPC framework
called ESN MPC for the leakage-aware DTM problem.
It contains additional leaky units to better deal with the
long-term dependencies problem [49], [50] and ignores
the high order Taylor expansion terms to reduce com-
puting overhead compared with the method in [51]. The
detailed steps of integrating the ESN-based leakage-
aware thermal model into the specially designed MPC
is demonstrated. The ESN MPC framework is able to
provide accurate dynamic power adjustment recommen-
dations for the multicore systems.

5) We have experimentally compared the ESN-based ther-
mal model with the recently proposed artificial neural
network (ANN)-based thermal model. Our numerical
results show that the ESN-based thermal model is more
accurate than the ANN-based thermal model, because of
its superior ability in dynamic system modeling thanks
to its recurrent structure.

6) We have also experimentally compared the ESN MPC-
based DTM method with one state-of-the-art linear leak-
age model-based multicore DTM method. Our numerical
results show the new method outperforms the state-of-
the-art leakage-aware multicore DTM method in both
management quality and computing overhead, because
it handles nonlinearity in a natural and efficient way.
Furthermore, compared with the existing polynomial
model-based method, the new method can easily handle
multicore systems without restriction.

III. BACKGROUND

In this section, the leakage power model used in this paper
will be introduced first. After that, we briefly review the tradi-
tional leakage-aware thermal modeling techniques, and show
their problems for DTM application.

A. Modeling of the Leakage Power

It is well known that, the total power of chip, denoted as
p, is composed of dynamic power and leakage power (which
is also called static power). The dynamic power, denoted as
pa, depends on the activity of the chip, and thus can be easily
estimated by performance counter-based methods [52]-[54].
Unlike dynamic power, leakage power p; is independent of
the chip’s activity and caused by leakage current ljeqx as

Ps = Vadleak- (D

The values of leakage power are harder to obtain than dynamic
power, mainly because of the special temperature sensitivity
caused by leakage current. IC leakage current has vari-
ous components, including subthreshold current, gate current,
reverse-biased junction leakage current, and so on. Among
these components, subthreshold current Iy, and gate leak-
age current Igye are the dominant parts. As a result, we can
ignore other parts of leakage and get the leakage current
approximation [55]-[57] as

Leak = Isub + Igate- (2
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Fig. 1. Comparison of leakage of a PTM-MG 7-nm FinFET from HSPICE
simulation with its curve fitting result using (3).

The subthreshold current is modeled in the commonly
accepted MOSFET transistor model BSIM 4 [58] as (also
apply Vps > vr [56])

VGs—Vin

) ~ Kvr?e T 3)

) VGs—Vin —Ybs
I = Kvr©e 1 1l—er

where vy = (kT),/q) is the thermal voltage and T, is a scalar
representing temperature at one place,! K and 7 are process
related parameters, and Vi, is the threshold voltage.

While the subthreshold current is highly related to tem-
perature, the gate current Igae, Which results from tunneling
between the gate terminal and the other three terminals,
does not depend on temperature and can be considered as a
technology-dependent constant.

Apparently, the leakage current has a complex relationship
with temperature. In this paper, we use (1)—(3) to model the
leakage power considering such relationship. The parameters
of leakage current can be obtained by curve fitting using
HSPICE simulation data. In order to see the accuracy of
the model used, Fig. 1 shows an HSPICE simulation result
of leakage using 7-nm PTM-MG FinFET models for high-
performance applications (7-nm PTM-MG HP nMOS and HP
pMOS) provided online at [59], and its curve fitting result
using approximate leakage model. From the figure, we can
see that the leakage power model has high accuracy for all
common temperatures of IC chips.

We conclude that the leakage power distribution depends
mainly on the temperature distribution for a certain chip with
constant physical parameters. Since temperature also depends
on power, in order to view the whole picture, traditional
thermal model of IC chip is used to describe temperature’s
dependency on power as shown next.

B. Traditional Leakage-Aware Thermal Modeling and
Its Problems

In order to calculate the full-chip temperature distribution,
a thermal model that links the power and temperature is
needed. Traditionally, to perform thermal analysis for an IC
chip, the chip and its package are divided into multiple blocks
called thermal nodes, with the partition granularity determined
by accuracy requirements. Then the thermal resistances and
capacitances among these thermal nodes are computed, which
model the thermal transport and power response behaviors.

17, introduced latter in (4) is a vector representing temperatures at multiple
positions.
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For example, for a n-core system with m total thermal nodes,
we can generate its thermal model as

dr;(1)
GT;(t) + C i BP(T}, 1)
Y (1) = LT(1) “)

where T,(f) € R™ is the temperature vector (distinguished
from T}, which is a scalar representing temperature at only
one place), representing temperatures at m places of the chip
and package; G € R™ and C € R™ ™ contain equivalent
thermal resistance and capacitance information, respectively;
B € R™*" contains the power injection topology information;
P(T;,t) € R" is the power vector with power dissipations of
n cores, including both dynamic power vector P, and leakage
power vector Py, i.e., P(Ty,t) = Ps(Ty, t) + P4(t), reminding
that leakage power Pg(T%,t) is actually a function of tem-
perature 7; modeled using (1)-(3); Y(t) € R" is the output
temperature vector of n cores; L € R™™ is the corresponding
output selection matrix which selects the n core temperatures
from T(¢). For the detailed structure of the thermal model,
please refer to [45] and [60].

The leakage power Py (T:,t + h) is a nonlinear function
of current temperature 7;(t + h), leading to the fact that
we need T;(t + h) to compute Py(Ty,t + h) while we also
need Pg(T}, t + h) to compute Ty(t + h), similar to the famous
chicken or the egg causality dilemma. As a result, T;(t + h)
cannot be calculated directly.

Iteration-based method has been proposed to compute
the temperature and leakage power by providing an initial
guess [34], [61], [62]. Although this method is pretty accu-
rate, it cannot be used in DTM because it is extremely
time consuming. In this paper, we use the iteration-based
thermal estimation method as the accuracy golden baseline
(called “golden” in short) and it also serves as the multicore
system plant. Detailed steps of the iteration-based method are
discussed in our previous work [34].

In order to find a practical leakage-aware thermal model
for DTM, researchers proposed to approximate the nonlinear
function (3) using linear function, piecewise linear function,
or simple polynomials. But all these methods show limitations
in DTM as discussed in Section II.

IV. LEAKAGE-AWARE DTM USING ECHO STATE
NETWORK-BASED PREDICTIVE CONTROL

As discussed in the previous sections, there are very few
leakage-aware DTM works for multicore systems. In this sec-
tion, we present a new leakage-aware DTM method using a
neural network-based nonlinear thermal model and nonlinear
MPC.

This section is organized as follows. First, in Section IV-A,
we analyze the performance of the general RNN structure-
based thermal model, and point out it does not work well
for leakage-aware DTM because of the exploding gradient
induced long-term dependencies problem. Then, in order to
avoid such problem, we propose to use ESN model, which is
an RNN with special structure, for leakage-aware DTM. The
structure and training of ESN for thermal management appli-
cation are presented in Section I'V-B. Finally, in Section IV-C,
we demonstrate the detailed steps of integrating the ESN-based

1403

Fig. 2. Simple RNN architecture, whose recurrence is the feedback
connection from the output to the hidden layer. It has the problem of
learning long-term dependencies when it is used as the thermal model for
leakage-aware DTM.

thermal model into the new nonlinear ESN MPC framework
to perform leakage-aware DTM.

A. Leakage-Aware Thermal Modeling Using RNN and Its
Long-Term Dependencies Problem

1) RNN-Based Leakage-Aware Thermal Model: RNN is a
deep network specialized in sequence modeling. It is invented
to deal with data in vector sequence form by the machine
learning community [50]. Because dynamic systems produce
the output vector sequence from a given input vector sequence,
RNN also can be used as a black box model for dynamic
systems, especially for nonlinear dynamic systems [63]. In
addition, RNN has a simple structure, which makes it easier
to be integrated into an advanced control framework than some
other complex neural networks.

In order to improve DTM quality of multicore systems by
accurately considering the nonlinearity between the leakage
current and temperature, it is natural to think of using RNN as
the leakage-aware thermal model. Although RNN is powerful
in many applications, we show in this paper that it is difficult
to train the normal RNN for leakage-aware DTM problem
because of its problem of learning long-term dependencies in
the training process [50], [64]. With the problem of learning
long-term dependencies, the accuracy of the RNN model will
suffer, especially for an RNN that requires a long sequence to
train as in leakage-aware DTM.

Here, we use a simple RNN shown in Fig. 2 as an example
to demonstrate this problem. Because RNN can naturally con-
sider the nonlinearity between leakage power and temperature,
we just need dynamic power P;(k) as the input and leak-
age power Pg(k) should be handled automatically inside RNN.
T, (k) is the output temperature of RNN, containing the on-chip
temperatures only.2 x,(k) is the state, which is also called the
hidden unit. In addition, there are matrices A,, D;, and E,., rep-
resenting the weighted connections between input-to-hidden,
output-to-hidden, and hidden-to-output, respectively, which are
called weight matrices. This RNN outputs the on-chip temper-
atures T,(k) at each time step, and has recurrent connections
from the output at one time step to the hidden units at the next

2We do not need the explicit package temperatures in most applications. If
certain package temperatures are explicitly needed, we can simply add them
to Tr(k).
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time step. Please note that we can put more than one hidden
unit at each time step, in order to increase the model capacity.

Assume the multicore system has n cores (T.(k) € R"),
n power sources (Py(k) € R"), and there are g hidden units
(xr(k) € RY) used at each time step, then this simple RNN
architecture can be written as

xr(k) = f(ArPa(k) + D/ Ty(k — 1) + o)
T.(k) = Epx,(k) + B ®)

where A, € R?*" is specifically called input weight matrix,
D, € R7*" ig called recurrent weight matrix, and E, € R"*?
is called output weight matrix. The activation function f is
an element wise nonlinear function. Usually, f is chosen as
logistic sigmoid function f(k) = [¢*/(¢*X + 1)] or hyperbolic
tangent function f(k) = tanh(k) in RNN. ¢ € R? and 8 € R"
are the bias vectors.

2) Long-Term Dependencies Problem in RNN-Based
Leakage-Aware Thermal Model: The RNN model has to be
trained before usage, i.e., the proper values of its weight matri-
ces (A,, D,, E,), which lead to an accurate RNN for the
specific application, need to be determined in the training pro-
cess. Assume we have a training set comprises input (dynamic
power vector trace) and output (system temperature vector trace)
samples of ny time steps obtained using the slow but accu-
rate golden iteration-based leakage-aware thermal estimation
method [61], [62]. Let us denote Ti-(k) as the output tempera-
ture from training samples and 7,-(k) as the output temperature
from RNN model at time k. In order to get an accurate RNN
model, we need to make the output temperature 7, (k) of RNN
as close as possible to the training temperature data Ty (k), by
tuning the RNN weight matrices. As a result, the goal of the
training process is to minimize the following cost function:

T = > ITu®) = Tkl (6)
1<k=<ny

To minimize the cost function 7, our task is to search for
the weight matrices (A,, D,, E,) which reduce the cost function
gradient V.J to zero in an iterative way. However, long-term
dependencies problem may occur during the gradients compu-
tation process, leading to RNN model accuracy degradation,
as explained in the following.

Here, we illustrate such long-term dependencies problem by
computing the derivative of the cost (k) := Ty (k) — T»(k) €
R™ at time k in (6) with respect to a weight w;; in the weight
matrices as an example

oy (k) <8W(k) dx, (k) 8T,+(l))
dw;j _lglgk 3x, (k) AT, (D) dwy

)

where ([0v (k)1/[8x,(k)]) ([8x,(k)1/[dT (D) ([BT;+ (D1/[8wi;])
measures how wj; at time [ affects the v (k) at time k,
([BT;“ (D1/[owy]) is the “immediate” partial derivative by
taking T,(I — 1) as a constant, and

dxp(k) _ dxr(k)
AT () T, (k—1) z+gsk

AT i — 1) ax.(i— 1)
ax,(i— 1) 9T, (i — 2)

= H diag(f'(z-(i))) D,E;

I+2<i<k
X diag(f/(zr(l—i- l)))Dr ®)
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Fig. 3. Largest singular value «; of diag(f'(zr(i)))D,Ey, showing exploding
gradient problem because «; > 1. This RNN model has three hidden layers
with ten neurons in each layer. All other RNN models show similar results.

where z,-(i) is defined as z,(i) = A,Py(i)) +D,T,(i— 1)+« only
to simplify notation and diag is an operator which converts a
vector into a diagonal matrix.

The problem of learning long-term dependencies can be
induced by either vanishing gradient or exploding gradi-
ent. In order to analyze the long-term dependencies problem
and distinguish its cause, we mainly focus on the multi-
plication [];,,;<; diag(f'(z,())))D,E, in (8). Let us define
k; = ||diag(f’(z,(i)))D,E |2, which is also the largest singu-
lar value of diag(f’(z-(i)))D,E;. Then, if k; < 1 and k > |,
the value of || Hl+2§i§k diag(f’(z-(i)))D,E,||2 will go to 0,
indicating the vanishing gradient induced long-term depen-
dencies problem. Similarly, the exploding gradient induced
long-term dependencies problem may happen when «; > 1
and k > [. More discussions on the difficulty of learning
long-term dependencies can be found in [50] and [64]-[66].

When encountering exploding gradient or vanishing gradi-
ent problems, it is difficult for RNN to learn the weights in
the training process, which will lead to a large model error.
Unfortunately, in the leakage-aware thermal modeling, there
is a severe exploding gradient problem. We can see this by
observing the value of «; shown in Fig. 3 for one RNN exam-
ple where there are three hidden layers with ten neurons in
each layer. In the figure, «; is larger than 1 for all training
time k, indicating exploding gradient problem in this case. We
remark that similar results are observed in all other tested RNN
models with different sizes and configurations.

To see the disastrous results of this exploding gradient
induced long-term dependencies problem, we built leakage-
aware RNN thermal models with different sizes and hidden
layer configurations using 10000 samples obtained from the
golden iteration-based method with sampling interval to be
1 s. Then, we use other 7000 samples to verify the accu-
racy of this model. The training and validation accuracy
results are collected in Table I. Results shown in the table
reveal that no matter how we adjust the model sizes and hid-
den layer configurations, RNN models have relatively large
training error and validation error. Even the smallest aver-
age training and validation errors are larger than 6 °C and
8 °C, respectively. This means that normal RNN model is not
suitable for building leakage-aware thermal model due to the
exploding gradient induced long-term dependencies problem
in the training process. In the next part, we will show this
problem can be solved by using ESN, which has a special
RNN structure.
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TABLE I
ABSOLUTE TRAINING AND VALIDATION ERRORS (IN °C) OF NORMAL
RNN-BASED LEAKAGE-AWARE THERMAL MODEL. ERRORS ARE
LARGE FOR ALL RNNS WITH DIFFERENT CONFIGURATIONS,
DUE TO THE EXPLODING GRADIENT INDUCED
LONG-TERM DEPENDENCIES PROBLEM

Neuron # in layer Train err Val err
II [ 2 13[4 | max [ avg [ max [ avg
10 O 0 0 | 492 | 224 | 652 | 42.6
20 | 0 0 0 | 375 | 157 | 434 | 213
5 5 0 0 | 232 | 109 | 305 | 13.1
10 10 | O 0 | 206 | 90 | 22.7 | 103
201 20 | O 0 183 | 74 19.4 | 8.6
5 5 5 0 19.5 79 [ 202 | 95
10 [ 10 | 10 | O 175 | 72 182 | 8.1
1511515 0 173 | 6.7 19.3 8.7
20 1 20 | 20 | O 17.5 | 6.5 19.7 | 9.3
5 5 5 5 179 | 74 19.5 8.5
10 | 10 | 10 | 10 | 17.1 6.4 | 204 | 97

B. ESN-Based Leakage-Aware Thermal Model for
Multicore Systems

From Section IV-A2, we know that normal RNN has diffi-
culty in learning long-term dependencies to build an accurate
leakage-aware thermal model for DTM due to the explod-
ing gradient problem in training process. In this section, we
show that ESN [49], [67], [68], which is an RNN with special
structure, is able to avoid this problem.

1) RNN Structure Selection for Leakage-Aware Thermal
Modeling: By analyzing the difficulty in learning long-term
dependencies in Section IV-A2, we know the cause of such
difficulty is that the gradients [like the one in (7)], which
propagate over many stages through time, tend to either van-
ish or explode when we train the recurrent weight matrix.
Specifically, for the application of leakage-aware thermal
modeling, there is severe exploding gradient induced long-term
dependencies problem as shown in Section IV-A2.

In order to avoid the long-term dependencies problem in
RNN, many variants of RNN were proposed with different
structures. One famous variant is call the long-short term
memory (LSTM) network [69], [70]. However, LSTM has
a complex LSTM structure, which makes it difficult to be
integrated into the DTM framework. Furthermore, LSTM
was proposed to mitigate the vanishing gradient induced
long-term dependencies problem, so it does not address the
exploding gradient induced problem [64], which happens in
leakage-aware thermal modeling as shown in Fig. 3.

On the other hand, ESN can avoid both vanishing gradient
and exploding gradient induced long-term dependencies prob-
lems by learning only the output weight matrix in training.
Because the long-term dependencies problems happen when
we train the weights among hidden neurons using backpropa-
gation, which causes gradients to propagate over many stages
(as shown in Section IV-A2). ESN prevents this problem by
avoiding the backpropagation-based training of the weights
among hidden neurons. To be specific, the input and recur-
rent weight matrices (which contain weights among hidden
neurons) of ESN are created randomly and fixed, meaning
they are not trained using backpropagation. Instead, only the
output weight matrix needs to be trained using simple linear
regression as will be shown later. Since there is no back-
propagation needed in training (but only a linear regression),
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Fig. 4. ESN architecture of an n-core system. Arrows with solid lines: fixed
weights which are created randomly; arrows with dashed lines: output weights
which need to be trained. Py, (k) is the dynamic power of the ith core and
T;(k) is the temperature of the ith core.

there is no gradient propagation and vanishing/exploding gra-
dient induced long-term dependencies problem in ESN. As a
result, we can use ESN as the leakage-aware thermal model,
which should be able to achieve high thermal prediction accu-
racy in DTM without the difficulty in learning long-term
dependencies.

2) ESN Architecture for Leakage-Ware Thermal Modeling:
The ESN architecture used for our thermal modeling is shown
in Fig. 4. In the figure, Py(k) = [Py, (k), Py, (k), ..., Py, k)17
is the vector of dynamic power injections of the multicore
system, and T'(k) = [T1(k), To(k), ..., T,(k)]T contains the
output on-chip temperatures. All recurrent connections of
ESN are located between hidden units. The weights of the
input-to-hidden units connections and hidden-to-hidden units
connections are randomly assigned and fixed, which are shown
as arrows with solid lines in Fig. 4. The weights of hidden-to-
output units connections and input-to-output units connections
should be determined in the training process, which are shown
as arrows with dashed lines in Fig. 4.

ESN shown in Fig. 4 can be also written into the state space
like formulation similar to the normal RNN in (5). Assume the
multicore system has n cores (T'(k) € R"), n dynamic power
sources (Pg(k) € R™), and there are g hidden units (x(k) € R9)
in the ESN, then the ESN-based leakage-aware thermal model
can be written as

x(k) = (1 —y)xtk — 1) + yf(AP4(k) + Dx(k — 1))
T(k) = Ex(k) + HPy(k) )

where y is the parameter of the linear self-connection from
hidden units x(k — 1) to x(k) (such hidden units are called
leaky units). When y is close to O, the information for a
long time in the past can be remembered by ESN. When y
approaches 1, the past information is quickly discarded [50].
This is a simple and quite effective strategy used in ESN to
deal with long-term dependencies problem [49]. Input matrix
A € R?*" and recurrent connection matrix D € R4 are
randomly generated and cannot be changed in the training
process. Matrices £ € R"*? and H € R™ " represent the
weighted connections between hidden-to-output and input-
to-output, respectively, whose values will be learned in the
training process presented next.

3) Training of the Leakage-Aware ESN Thermal Model: In
this part, we introduce the process of training the ESN-based
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thermal model of multicore systems. ESN training is relatively
simple: we only need to train the output matrix, denoted here
as Wou = [E, H] € R (a+m) using linear regression as shown
below.

Assume we have a training set with training input series
Py (k) and training output series Ty (k), where k = 1,2, ..., ng.
By injecting the power input data Py (k) into the ESN
model (9), we can compute the state series x(k), k =
1,2, ..., ny easily because both A and D are known constant
matrices.

Then, we collect the state series and training input series as
state collection matrix § € R (q+m

S = x(1),x(2), ..., x(nk)
Pa(1), Pu) - Pulng) | -

Similarly, we collect training output series 7Ty (k) as output
collection matrix O € R™*"

0 = [Tu(1), Tu(2), ..., Tu(m)]".

From (9), we have O7 = Wy ST, which is a linear func-
tion. As a result, the trained output matrix Wy can be easily
computed as
T
Wou = (570) (10)
where ST represents the pseudo-inverse of S.

Since we get the trained ESN model without using gradi-
ent propagation (which may cause the gradient to vanish or
explode), the training of ESN successfully avoids the long-
term dependencies problem. In this way, we obtain a trained
ESN-based leakage-aware thermal model, which should be
accurate and can be integrated into MPC for DTM as shown
next in Section I'V-C.

C. Leakage-Aware DTM With ESN MPC for
Multicore Systems

MPC has a long history in the process industrial field.
In recent years, MPC has been used for DTM of multicore
systems [17]-[19]. However, these methods are unable to
consider the nonlinearity between leakage and temperature,
resulting in significant management error for systems with
high leakage ratio. In Section IV-B, we have shown the new
ESN-based compact thermal model, which is capable of han-
dling the leakage induced nonlinearity. Although building and
training the ESN-based thermal model are not difficult, it is not
straightforward to integrate such model into the MPC-based
DTM framework to compute the proper future dynamic power
recommendations, because existing MPC-based DTM meth-
ods require compact linear thermal models [17]-[19]. In this
section, we present a newly designed DTM framework: ESN
MPC. In this framework, the MPC flow is specially modified
to adapt the ESN-based nonlinear thermal model, and is able
to provide the leakage-aware power adjustment for multicore
systems.

The framework of the new ESN MPC-based leakage-aware
DTM method for multicore systems is shown in Fig. 5. The
basic task of ESN MPC is to calculate the input dynamic
power recommendation Py(k + 1), such that the future plant
temperature will track a given temperature target. In order to
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Kalman filter
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Fig. 5. Framework of ESN MPC-based leakage-aware DTM for multicore
systems. Extended Kalman filter is used for state estimation. The blue phrases
in parentheses are the tools used to implement the specific blocks in our
experiment which will be presented in Section V.

do that, the ESN MPC predicts the future temperature 7' (k +
ilk) using the ESN thermal model (presented in Section IV-B)
with current state estimation x(k). Then, the proper Py(k + 1)
is solved from an optimization problem (represented by the
“optimization” block in Fig. 5) which minimizes the differ-
ence between the predicted temperature 7(k + ilk) and the
target temperature. Note that current state x(k) is not directly
available. It should be estimated using extended Kalman fil-
ter [67] with sensor temperature information 7'(k) from the
multicore system plant.

The challenge in the ESN MPC-based DTM is how to han-
dle the nonlinearity of the ESN thermal model properly in the
power recommendation computing process. Now, we present
detailed steps of the ESN MPC-based DTM.

First, at current time (assume we are at time k), we denote
the future input dynamic power trajectory (which is unknown
and needs to be computed in the end) into the future N, steps
(where N, is called the control horizon in MPC) as

Pa = [Patk + )T, Ptk +2)7, ..., Pak+N)']"
and the future input dynamic power difference trajectory as
APy = [APa(k+ DT, APk +2)7, ... APy(k+No)T]"

where AP;(k+i) = Py(k+i)—Py(k+i—1) € R", P; € RN",
AP, € RNen,

Then, the temperature predictions from current time k into
the future N, steps (where N, is called the prediction hori-
zon in MPC), denoted as T'(k + ilk), i = 1,2,...,N,, can
be expressed as a function of Py, using the ESN thermal
model (9) and current temperature information 7'(k) read from
thermal sensors in the multicore system. These temperature
predictions are written in vector trajectory 7 € RV as

T
T = [T(k + 1T Th+207, ... T(k+ Np|k)T]

where T'(k + ilk)T is the predicted temperatures at time k + i
using information of current time k.

Similarly, the target temperature vector T;, is written in a
vector trajectory T, € RN as

T, = [TT 7T

TTT
e Then o T |

Next, we will introduce the optimization process in ESN
MPC, which is represented by the optimization block in Fig. 5.
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As briefly mentioned before, the objective of the MPC-based
DTM is to compute the proper power recommendation which
brings the predicted output temperature 7 as close as pos-
sible to the target temperature 7T;,. This control problem is
transformed into the following optimization problem:

(1)

Note that 7 is a function of the input power trajectory Py,
so this optimization problem looks for the optimal future
power trajectory Py (power recommendation) which mini-
mizes || T, — T 2.

For practical usage, a regulation term r,|AP4|l2 may
be added to the original cost function in the optimization
problem (11), to form the new regulated optimization
problem [71], [72]

minimize H’Eg - T||2.

minimize |7z — 7|, + rwllAPall2 (12)

where r, is a tuning parameter. In order to facilitate
presentation, we can rewrite optimization problem (12) as

minimize F(Pg) = W7 W + APIR, AP, (13)

where ¥ = T, — T € RN R, = r,l € RVeNelt g o
diagonal matrix and I € RNe"Ne! s jdentity matrix.

Then, the remaining steps focus on how to compute the
power recommendation trajectory to minimize F(Py) in (13).
In order to find the P; which minimizes the nonlinear function
F, the procedure is to compute the gradient of F against Py,
and search the solution P, along the direction where the gra-
dient of F decreases in an iterative way. In this paper, we use
Levenberg—Marquardt (LM) algorithm [73] for the solution
search.

LM algorithm uses continuous iterations to search for the
optimal solution. In each iteration, it will compute a search
offset Ae, and update the solution P; as

Pa < Ae +Py. (14)

The problem now is how to calculate the search offset Ae.
Let us denote the Jacobian matrices of ¥ and AP, as F; and
F,, respectively

ov 0AP,;
Fi=—, 2= .
0Py 0Py

Then the offset Ae in LM algorithm is calculated as

Ae = —(M + tdiag(M)) "' (F] ¥ + FJR,AP;)  (15)

where
M = F]F\ + FiR,F>

and 7 is the (non-negative) damping factor that is adjusted at
each iteration. If the value of F decreases after an iteration,
divide t by v, where v is set by experience. Inversely, if the
value of F increases after an iteration, multiply 7 by v. Please
note that Ae in (15) can be solved using Gaussian elimination
efficiently without computing (M + tdiag(M))~! explicitly.

In order to calculate A¢ using (15), we still need to compute
the Jacobian matrices F| and F».
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For the first Jacobian matrix F|, we can write it in the
following form as:

AT (k+1]k) AT (k+11]k) T (k+11k)
dP,(k+1) 0P (k+2) P (k+Nc)
AT (k+2|k) 3T€’k+2|k) T (k+21k)

Fl _ apd(.k+]) an(.k+2) 3Pd(k.+NL’) (16)
8T(k~LNp|k) 3T(k~LNp|k) 3T(k+.Np|k)
oPy(k+1) oP;(k+2) 9P 4(k+Nc)

where ([0T (k+ilk)1/[dP4(k+)]) € R and F; € RNoNen,
Using the ESN (9), ([0T (k+ilk)]/[0P4(k—+j)]) can be easily
computed in the following way.
1) For all i < j, since the future inputs do not affect current
outputs, we get

oT (k + ilk
(—+M =0 (17)
dPs(k +j)
where 0 is a n X n zero matrix.
2) For all i = j, we obtain
oT(k + ik ox(k + ilk
(+l|.):EX(+l|.)+H (18)
dP;(k + j) dP;(k + j)
where
ox(k + ilk) . y .
—— =yd k k)))A
gty =7 iag(f (z(k + ilk)))
and z(k + ilk) = APy(k + i) + Dx(k + i — 1|k).
3) For all i > j, there is
oT (k + ilk) _ dx(k + ik) (19)
OPy(k+j) 9Pg(k+))
where
ax(k + ilk) _ ox(k +i— 1]k)
Pk +j) aPa(k + j)

+ ydiag(f'(z(k + ilk)))

( 8x(k+i—l|k))
X | D—— ).
dPg(k +j)

Finally, F; can be computed by using the formulas above.
Because AP, has a linear relationship with P, [specifically,
there is APy(k+i+1) = Pg(k+i+1) — Pg(k+i)], the second
Jacobian matrix F; is easy to compute as shown below.
1) For all i =j, we have
0APs(k+1) I
IPak+j)
where ([0 AP (k+i)]/[0P4(k+))]) € R™" for all cases.
2) For all i =j+ 1, there is
0APg(k+10)

(20)

— = —1. (21)
P4 (k +j)
3) For all other cases, we have
OAPy(k+i
M = (22)
P4 (k +j)
In summary, F> can be simply written in the following form:
I 0 -~ 0 0
-1 I - 0 0
= : .. : 23)
o o --- I 0
o o .- —-I I
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Fig. 6. Configuration of the 16-core chip used in the experiment.

Now, for each iteration, we have Jacobian matrices
F1 and F;. Then, we can compute the search offset
using (15), and update the solution for the next iteration
using (14). Such iteration will continue until convergence
is reached.

Note that we get a solution P; by iteration at each time
step, but only its first element Py(k + 1) will be outputted
as the power recommendation for thermal management. With
the guidance of the power recommendation P;(k + 1), ther-
mal management actions will be performed to make the
output temperatures T track the target temperature 7Ty, (or
simply lower than T, if the system task loads are light).
For a simple thermal management scheme, we can just
lower the frequency of a heavy loaded core to make its
dynamic power equal to the recommended dynamic power.
Advanced thermal management actions based on power rec-
ommendation is also viable, such as the one presented in our
previous work [19].

V. EXPERIMENTAL RESULTS AND DISCUSSIONS

In this section, we evaluate the performance of the newly
proposed leakage-aware DTM method. The experiment is per-
formed using a 16-core system plant with chip configuration
shown in Fig. 6. We place one thermal sensor for each core,
which provides the on-chip temperature information to the
extended Kalman filter in the DTM process as shown in Fig. 5.
The ambient temperature is set to be 25 °C, and the target tem-
perature in thermal management is set as 85 °C. By using the
PTM-MG 7-nm FinFET model for high-performance applica-
tions [59], the leakage power is set to be around 40% of total
power at 85 °C according to [74]. The ESN model is built by
using the ESN toolbox provided online [75]. All the experi-
ments are performed in MATLAB, including the building and
training of the ESN-based thermal model. All the results are
obtained on a PC with Intel Core i5-2400 CPU and 4-GB
memory.

In order to show the accuracy of the ESN model, we com-
pare it with the recently proposed ANNs-based method [48].
Then, to illustrate the advantages of our control method
(ESN-based MPC), we compare it with the state-of-the-art
leakage-aware DTM method for multicore systems called
MAGMA [45]. We use the MAGMA open source code pro-
vided in [45], and link it to the same multicore system
plant used for our new method with the same settings. Since
MAGMA is based on linear approximation thermal model
to handle the nonlinear leakage temperature dependency, its
linear approximation range is set to a practical range of
35 °C-115 °C.
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Fig. 7. Average absolute errors of ESN model with different numbers of
neurons in the hidden layer. Validation error reaches minimum at around 350
neurons in the hidden layer.

A. Accuracy Analysis of the ESN-Based Leakage-Aware
Thermal Model

For model-based control method, it is critical to build a ther-
mal model which is accurate across the temperature control
range. As a result, before testing the new leakage-aware DTM
method, we first verify the accuracy of the ESN-based ther-
mal model, which naturally considers the nonlinearity between
leakage and temperature. We also use thermal model built by
ANN [48] for comparison.

In this experiment, we define the golden temperature data
as the most accurate leakage-aware chip temperature data we
can get, which is obtained by using iteration-based leakage-
aware thermal simulation method (which is very accurate but
time consuming as briefly introduced in Section III-B and
discussed in details in our previous work [34]) with thermal
model extracted from HotSpot [76]. The simulation time step
is set as 0.01 s to ensure accuracy.

By using the golden temperature data, we can acquire the
training and validation data to build the thermal models. Since
we set the thermal management cycle in DTM to be 1 s, we
use the power input averaged every 100 simulation steps (each
simulation step is 0.01 s) and the golden temperature data at
the end of each 100 simulation steps as one data sample for the
training and validation of the ESN model. We collected 65 000
samples in total, and out of which, we use 38 000 samples for
training and 27000 samples for validation. It is well known
that the accuracy of the neural network is highly related to the
training samples. As a result, in addition to creating a wide
range of output temperatures (for example, from 0 to 2000 s
in Fig. 8), we also manually create some output temperature
samples around the management target temperature 85 °C (for
example, from 2000 to 3000 s in Fig. 8) to enhance/verify the
thermal model accuracy in the DTM process. Both ESN-based
and ANN-based thermal models share the same training and
validation data for a fair comparison.

In order to see the model accuracy and computing overhead
with different model sizes, we test ESN models with different
neuron numbers in the hidden layer. The average errors for
training and validation of the ESN model with different sizes
are shown in Fig. 7, where the value of y in (9) is 0.2 for all
cases and the error is defined as the difference between the
golden temperature and the output temperature of ESN model.
From Fig. 7, we can see that the training error decreases as
the ESN model size increases, and gets saturated at around
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TABLE 11
RUNTIME (TIME), MEMORY COST (MEM), PREDICTION DIFFERENCE (PRED DIFF), AND TRACKING DIFFERENCE (TRACK DIFF) RESULTS OF THE NEW
ESN MPC-BASED DTM METHOD. RUNTIME IS RECORDED AS THE AVERAGE COMPUTING TIME FOR EACH THERMAL MANAGEMENT ACTION
(EVERY 1 s). PREDICTION DIFFERENCE IS THE TEMPERATURE DIFFERENCE BETWEEN THE TARGET TEMPERATURE AND THE TEMPERATURE
PREDICTION IN THE ESN MPC USING THE COMPUTED POWER RECOMMENDATION. TRACKING DIFFERENCE IS THE TEMPERATURE
DIFFERENCE BETWEEN THE TARGET TEMPERATURE AND THE ACTUAL PLANT TEMPERATURE WITH ESN MPC.
THE PREDICTION DIFFERENCE AND THE TRACKING DIFFERENCE ARE IN °C

Temperature ¢ C)

I I I
1000 2000 2500

I
0 500

.
1500 3000
Time (s)

Fig. 8. Output temperatures of core C32 in the validation test using ESN
model and ANN model [48], where the other cores have similar comparison
results. We deliberately created temperature data close to the target tempera-
ture 85 °C from 2000to 3000 s, in order to verify the thermal management
performance around the target temperature.

100 neuron in the hidden layer. On the other hand, the valida-
tion error decreases first as the model size increases. It starts
to increase later, after reaching its smallest value 0.19 °C at
neuron number 350, which clearly indicates overfitting. We
remark that the optimal number of neurons in the hidden layer
should be determined by trading-off the validation error and
runtime computing overhead (shown later in Table II) accord-
ing to different application requirements, and also by avoiding
the overfitting problem [77]-[79].

Since the ESN model will be used in DTM at runtime,
in this paper, we use a moderate sized ESN model with 50
neurons in the hidden layer (with average validation error of
0.40 °C), which balances the computing overhead and accu-
racy. We plot the transient validation error of this ESN model
in Fig. 8. Note that in order to verify the thermal management
performance around the target temperature (which is 85 °C in
this experiment), we deliberately make the temperature data
to be close to 85 °C from 2000 to 3000 s.

For comparison, we also plot the results of the recently
proposed ANN-based thermal model [48] in Fig. 8. This ANN
model has three hidden layers with 15 neurons in each layer,
which is the ANN configuration with the smallest error in our
test. As seen from the figure, the ANN model has significantly
larger error (with average validation error of 3.15 °C) than
the new ESN-based model (with average validation error of
0.40 °C). The reason is that ESN method has the recurrent
structure which makes it more suitable for dealing with time
series problems and modeling dynamic systems than ANN
without recurrent structure [50], [63].

Neuron # Ne=1,N, =1 Ne=1,N, =2 Ne=1,N, =3 Ne=2,N, =3
in ESN time [ mem | pred diff [ track diff time [ mem | pred diff [ track diff time [ mem | pred diff [ track diff time | mem [ pred diff | track diff
hidden layer | (ms) | (KB) | max [ avg | max [ avg (ms) | (KB) | max | avg [ max | avg (ms) | (KB) [ max | avg [ max | avg (ms) | (KB) | max [ avg [ max | avg
10 7 4 1.17 1 0.68 | 795 | 2.79 10 6 126 [ 075 | 772 | 2.82 12 9 122 [ 072 | 7.68 | 281 15 14 1.24 ] 073 | 8.03 | 2.84
50 14 23 1.10 | 0.63 | 576 | 1.60 18 23 0.82 ] 042 | 575 | 1.59 22 24 123 1 075 | 592 | 1.60 23 26 129 | 0.82 | 586 | 1.62
150 28 106 1.16 [ 0.66 [ 5.52 | 1.51 38 106 ] 099 | 055 [ 555 | 1.49 46 106 ] 0.84 ] 049 [ 559 [ 145 55 106 1.05 1072 [ 562 ] 1.49
250 37 300 1.18 | 0.71 5.26 1.43 64 300 0.87 | 0.59 | 5.15 1.40 91 300 094 | 0.65 | 5.25 1.42 110 300 1.01 0.67 | 5.24 1.44
350 68 960 120 | 074 | 492 | 1.33 121 960 | 0.85 | 046 | 487 | 1.32 | 170 960 [ 090 [ 0.48 [ 490 | 1.34 | 201 960 1.19 [ 078 | 5.03 | 1.39
450 102 1584 1.01 0.64 | 5.31 1.44 239 1584 1.09 | 0.65 | 522 1.40 375 1584 1.05 | 0.63 | 5.12 1.37 502 1584 1.07 | 0.67 | 5.13 1.42
550 146 | 2364 | 0.98 [ 0.58 [ 5.81 | I.51 | 340 | 2364 | 1.00 | 0.51 | 583 | 1.50 | 552 [ 2364 | 0.86 | 041 | 586 | 1.52 [ 792 | 2364 | 1.12 [ 0.75 | 5.87 | 1.53
‘ Gold
e B. Performance Evaluation of Leakage-Aware DTM With
ANN_J| ESN MPC
WO After analyzing the accuracy of the ESN-based leakage-

aware thermal model, we evaluate the performance of the new
leakage-aware DTM method with ESN MPC.

The experimental flow diagram for the performance eval-
uation of the ESN MPC-based DTM is given previously in
Fig. 5, where the blue phrases in parentheses are the tools
used to implement the specific blocks in our experiment.
Power estimator Wattch [80] is used to generate the dynamic
power by running the standard SPEC benchmarks. The dif-
ferent power traces from SPEC benchmarks are randomly
assigned to different cores of the multicore system. Leakage
power of the multicore system plant is obtained by using the
iteration-based leakage-aware thermal simulation method with
simulation step 0.01 s.

In order to choose a better ESN MPC configurations, we
test DTM methods with different model sizes for ESN MPC
(by changing the number of neurons in the hidden layer). In
addition, we also test different MPC prediction horizon lengths
(Np) and control horizon lengths (N.). In the experiment, we
set the purpose of the leakage-aware DTM as making the out-
put temperature to track the target temperature 85 °C. ry, in
MPC is chosen as 0.1 by trial and error.

The results of ESN MPC method are shown in Table II
We mainly focus on two DTM performances. The first is
the temperature tracking difference between the actual plant
temperature and the target temperature, which represents the
effectiveness and accuracy of the management. The second
is the overhead [computing overhead (runtime) and memory
cost] of the DTM, with respect to different ESN model sizes
as well as different N, and N..

From Table II, we can see that the average plant temperature
tracking difference against the target is smaller than 3 °C for
all cases. For the best case in this test (with 350 neurons in the
hidden layer and N. = 1 and Np = 2), the average tracking dif-
ference is only 1.32 °C. However, the memory cost is 960 KB
and the runtime for this case is greater than 120 ms for each
thermal management frame of 1 s, which is an unacceptable
computing overhead as an on-line algorithm. By balancing the
tracking difference and overhead, we choose the DTM config-
uration as: ESN model which has 50 neurons in the hidden
layer with N, = 1 and Np = 2. In this case, the average track-
ing difference is 1.59 °C, the memory cost is 23 KB and the
runtime is only 18 ms for the 16-core system. Because such
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computation is performed on only one out of the 16 cores, the
throughput degradation is estimated to be only around 0.1%
at runtime (assuming there are no synchronization problems
in parallel computing) or can be avoided by implementing
the algorithm in low power coprocessor or FPGA. Generally,
the time and memory costs grow linearly with model size, but
there is an optimal model size for accuracy because overfitting
may happen if the model is too large.

We also record the prediction difference of ESN MPC,
which stands for the temperature difference between the target
temperature and the temperature prediction in the ESN MPC
using the power recommendation. The average prediction dif-
ference is within 1 °C for all cases, and this difference is
caused by the regulation term in (12).

In order to show the advantage of the new method, we com-
pare the new method (50 neurons in the hidden layer with
Np = 2 and N, = 1) with the state-of-the-art leakage-aware
DTM method MAGMA [45], which uses linear approximation
to deal with nonlinearity between leakage and temperature.
In MAGMA, each core is divided into 25 thermal blocks to
ensure accuracy. For a fair comparison, we integrated the open
source MAGMA program into the same multicore system plant
as our new method. In order to do this, we also added Kalman
filter to MAGMA for state estimation, because the multicore
system plant can only provide the on-chip temperature through
thermal sensors.

We have also performed another comparison to provide
direct evidence that the new ESN-based DTM has good
performance in leakage power consideration. We use the
golden linear thermal model (the same as in the plant) with
linear approximation-based leakage model (linearized at target
temperature 85 °C), and integrate it into the MPC frame-
work. The thermal management result using this new setting
is called “golden thermal model with linear leakage.” There is
no thermal model error in this new setting, which is an ideal
assumption and actually takes advantage over all other meth-
ods including ESN MPC (there are both thermal model error
and leakage model error mixed inside ESN MPC).

In addition, we have also implemented a leakage-aware
DTM using iteration-based thermal prediction, which works
as the DTM baseline for management accuracy (called “base-
line” in short). Since the DTM baseline is based on the golden
thermal model (4) and uses iterative method to deal with non-
linear relationship between leakage and temperature, it avoids
errors in both thermal modeling and leakage modeling. Note
that this method is only used to provide the DTM accuracy
baseline, because its golden thermal model assumption is unre-
alistic and its computing overhead is far too large for practical
runtime usage.

The plant temperature comparison results of core C32
using ESN MPC-based method, MAGMA [45], golden ther-
mal model with linear leakage, and the baseline are shown in
Fig. 9(a). The corresponding frequencies of C32 under control
are given in Fig. 9(b) with the base frequency as 2 GHz. Due to
page limitation, we do not plot the results of other cores which
have similar results. Once the dynamic power is supplied to the
cores starting from 5 s, we can see all DTM controlled tem-
peratures rise from a low temperature (idle temperature with
only leakage power) to the target immediately upon activa-
tion with different overshoots. Then, the temperatures oscillate
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Fig. 9. Comparison results of different thermal management methods, includ-
ing ESN MPC, MAGMA [45], golden thermal model with linear leakage,
and baseline method. The dynamic power is supplied to the cores starting
from 5 s. The tracking temperature target is set as 85 °C. (a) Temperatures
of C32 using different thermal management methods. The uncontrolled input
dynamic power and its corresponding temperature of C32 are also shown.
(b) Frequencies of C32 using different thermal management methods.

around the target temperature because the SPEC power inputs
are regulated by thermal management. For example, when the
temperature is higher than the target, thermal management
will lower the temperature in the next management cycle (by
lowering the power input). But if over adjustment is caused
due to the inaccuracy of management, the temperature will be
raised (by increasing power input) in the next management
cycle. From the figure, we observe that the average tem-
perature tracking difference of baseline is less than 0.75 °C.
Such tracking difference is caused by the fast power varia-
tions between two thermal management actions (with duration
of 1s in this test), which is unavoidable for any DTM
methods.

From Fig. 9(a), it is clear that the temperature controlled
by MAGMA [45] shows large temperature tracking difference
(with average tracking difference 4.89 °C) against the target
temperature. In fact, the reason that MAGMA shows large
error is mostly two folds. First, MAGMA uses a simple lin-
ear model to approximate the nonlinear relationship between
leakage current and temperature, which is not very accurate
and leads to control accuracy loss. Second, MAGMA ignores
the heat exchange among cores in the multicore system [45],
which will cause error in control decision.

The new ESN-based DTM method shows good tempera-
ture tracking results in Fig. 9(a). The temperature controlled
by the new method is very close to the target tempera-
ture (with 1.59 °C average tracking difference), which means
the new method even performs very close to the baseline
(within 0.75 °C as shown before) in temperature tracking
accuracy. The reason is that the new method avoids the two
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problems in MAGMA as explained here. First, the new method
uses the ESN-based leakage-aware thermal model. Since ESN
is a nonlinear model, it is able to accurately model the non-
linearity between leakage and temperature. This is further
supported by the comparison results between ESN MPC and
the golden thermal model with linear leakage: ESN MPC has
much smaller temperature control overshoot than the latter
method (from 5 s to around 8 s), even with the fact that the
latter method has the ideal golden thermal model.

Second, the ESN-based thermal model is a multiple-input
and multiple-output model which considers the core to core
heat exchange (as well as core to package heat exchange).
Furthermore, the MPC framework is improved in this paper
to be compatible with this ESN-based thermal model, such
that the future power recommendation computed by the ESN
MPC fully considers the heat exchange among cores. From the
observations and discussions above, we can see that leakage-
aware DTM with ESN MPC method outperforms MAGMA in
thermal management quality for multicore systems.

On the computing overhead side, we have tested the run-
time of both the new method and MAGMA, recorded as the
average computing time for each thermal management action
(every 1 s). The new ESN MPC method has a runtime of
18 ms, which is much smaller than that of MAGMA which
is 321 ms. In order to increase the speed of MAGMA, we
reduce the resolution of MAGMA to be the same as the
ESN-based method (with one thermal node for each core
resulting in 46 x 46 sized system matrices for MAGMA). In
this setting, the runtime of MAGMA is 101 ms, which is still
larger than ESN-based method with 50 neurons in the hid-
den layer (18 ms runtime). The MAGMA accuracy becomes
even worse in this resolution, with average temperature track-
ing difference increased to 9.74 °C. This tracking difference
is significantly larger than MAGMA with higher resolution
814 x 814 sized system matrices (4.89 °C tracking difference)
and the ESN-based method with 50 neurons (1.59 °C tracking
difference).

From the observation above, we can see that even with
a larger model size (814 x 814), the tracking accuracy of
MAGMA (with 4.89 °C average tracking difference) is worse
than the ESN MPC-based DTM method (with 1.59 °C aver-
age tracking difference). Reducing computing overhead by
reducing the model size (46 x 46) brings even larger tracking
difference (with 9.74 °C) for MAGMA.

In summary, the experimental results show that the ESN-
based leakage-aware thermal model accurately considers the
nonlinear effects between leakage and temperature. By inte-
grating this ESN-based thermal model into MPC, the new
method outperforms the state-of-the-art leakage-aware DTM
method MAGMA in both accuracy and speed.

VI. CONCLUSION

In this paper, we proposed a new leakage-aware DTM
method for multicore systems using neural network-based ther-
mal models and improved nonlinear MPC. We show that ESN
is better suited for the nonlinear leakage-aware thermal model
than the normal RNN since it is able to avoid the explod-
ing gradient induced long-term dependencies problem of RNN
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in leakage-aware DTM. Based on the new nonlinear ther-
mal model, we further propose a new leakage-aware DTM
method called ESN MPC, which integrates the ESN-based
thermal model to provide the power adjustment recommen-
dations for the multicore systems. The experimental results
show that the new method outperforms the state-of-the-art
leakage-aware multicore DTM method in both temperature
management quality and computing overhead.

REFERENCES

[1] H. Esmaeilzadeh, E. Blem, R. S. Amant, K. Sankaralingam, and
D. Burger, “Dark silicon and the end of multicore scaling,” IEEE Micro,
vol. 32, no. 3, pp. 122-134, May/Jun. 2012.

[2] J. Henkel et al., “Reliable on-chip systems in the nano-era: Lessons
learnt and future trends,” in Proc. Design Autom. Conf. (DAC), 2013,
pp. 1-10.

[3] A. K. Singh, M. Shafique, A. Kumar, and J. Henkel, “Mapping on
multi/many-core systems: Survey of current and emerging trends,” in
Proc. Design Autom. Conf. (DAC), 2013, pp. 1-10.

[4] M. Shafique, S. Garg, J. Henkel, and D. Marculescu, “The EDA chal-
lenges in the dark silicon era,” in Proc. Design Autom. Conf. (DAC),
Jun. 2014, pp. 1-6.

[5] A. K. Coskun, T. S. Rosing, and K. Whisnant, “Temperature aware
task scheduling in MPSoCs,” in Proc. Eur. Design Test Conf. (DATE),
Apr. 2007, pp. 1-6.

[6] Y. Ge, P. Malani, and Q. Qiu, “Distributed task migration for ther-
mal management in many-core systems,” in Proc. Design Autom. Conf.
(DAC), Jun. 2010, pp. 579-584.

[7]1 T. Chantem, X. S. Hu, and R. P. Dick, “Temperature-aware schedul-
ing and assignment for hard real-time applications on MPSoCs,”
IEEE Trans. Very Large Scale Integr. (VLSI) Syst., vol. 19, no. 10,
pp. 1884-1897, Oct. 2011.

[8] G. Liu, M. Fan, and G. Quan, “Neighbor-aware dynamic thermal man-
agement for multi-core platform,” in Proc. Eur. Design Test Conf.
(DATE), Mar. 2012, pp. 187-192.

[9]1 Z. Liu, S. X.-D. Tan, X. Huang, and H. Wang, “Task migrations for
distributed thermal management considering transient effects,” IEEE
Trans. Very Large Scale Integr. (VLSI) Syst., vol. 23, no. 2, pp. 397401,
Feb. 2015.

[10] J. Cong and B. Yuan, “Energy-efficient scheduling on heterogeneous
multi-core architectures,” in Proc. Int. Symp. Low Power Electron.
Design (ISLPED), 2012, pp. 345-350.

R. Jayaseelan and T. Mitra, “A hybrid local-global approach for multi-

core thermal management,” in Proc. Int. Conf. Comput.-Aided Design

(ICCAD), 2009, pp. 314-320.

A. Mutapcic et al., “Processor speed control with thermal constraints,”

IEEE Trans. Circuits Syst. I, Reg. Papers, vol. 56, no. 9, pp. 1994-2007,

Sep. 2009.

T. S. Muthukaruppan, M. Pricopi, V. Venkataramani, T. Mitra, and

S. Vishin, “Hierarchical power management for asymmetric multi-core

in dark silicon era,” in Proc. Design Autom. Conf. (DAC), May 2013,

pp- 1-9.

H. Khdr, S. Pagani, M. Shafique, and J. Henkel, “Thermal constrained

resource management for mixed ILP-TLP workloads in dark silicon

chips,” in Proc. Design Autom. Conf. (DAC), 2015, pp. 1-6.

C. Tan, T. S. Muthukaruppan, T. Mitra, and L. Ju, “Approximation-

aware scheduling on heterogeneous multi-core architectures,” in Proc.

Asia South Pac. Design Autom. Conf. (ASP-DAC), 2015, pp. 618-623.
[16] F. Zanini, D. Atienza, L. Benini, and G. De Micheli, “Multicore thermal
management with model predictive control,” in Proc. Eur. Conf. Circuit

Theory Design, Aug. 2009, pp. 711-714.

Y. Wang, K. Ma, and X. Wang, “Temperature-constrained power control

for chip multiprocessors with online model estimation,” in Proc. Int.

Symp. Comput. Archit. (ISCA), 2009, pp. 314-324.

A. Bartolini, M. Cacciari, A. Tilli, and L. Benini, “Thermal and energy

management of high-performance multicores: Distributed and self-

calibrating model-predictive controller,” IEEE Trans. Parallel Distrib.

Syst., vol. 24, no. 1, pp. 170-183, Jan. 2013.

H. Wang et al., “Hierarchical dynamic thermal management method

for high-performance many-core microprocessors,” ACM Trans. Design

Autom. Electron. Syst., vol. 22, no. 1, Jul. 2016, Art. no. 1.

(11]

[12]

[13]

[14]

[15]

(17]

[18]

[19]

Authorized licensed use limited to: Univ of Calif Riverside. Downloaded on June 24,2026 at 00:42:56 UTC from IEEE Xplore. Restrictions apply.



1412

[20]

[21]
[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

(31]

[32]

(33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 39, NO. 7, JULY 2020

B. Shi and A. Srivastava, “Dynamic thermal management consider-
ing accurate temperature-leakage interdependency,” in Encyclopedia of
Thermal Packaging: Thermal Packaging Tools. Singapore: World Sci.,
2015, pp. 39-60.

J. L. Hennessy and D. A. Patterson, Computer Architecture: A
Quantitative Approach, 5th ed. Waltham, MA, USA: Elsevier, 2012.
D. Rossi et al., “Energy-efficient near-threshold parallel computing: The
PULPV2 cluster,” IEEE Micro, vol. 37, no. 5, pp. 20-31, Sep./Oct. 2017.
D. Rossi et al., “A 60 GOPS/W, —1.8 V to 0.9 V body bias ULP cluster
in 28 nm UTBB FD-SOI technology,” Solid-State Electron., vol. 117,
pp. 170-184, Mar. 2016.

G. Quan and Y. Zhang, “Leakage aware feasibility analysis for
temperature-constrained hard real-time periodic tasks,” in Proc.
Euromicro Conf. Real Time Syst., 2009, pp. 207-216.

V. Chaturvedi, H. Huang, and G. Quan, “Leakage aware schedul-
ing on maximum temperature minimization for periodic hard real-
time systems,” in Proc. Int. Conf. Comput. Inf. Technol., 2010,
pp. 1802-1809.

S. R. Sarangi, G. Ananthanarayanan, and M. Balakrishnan, “LightSim:
A leakage aware ultrafast temperature simulator,” in Proc. Asia South
Pac. Design Autom. Conf. (ASP-DAC), 2014, pp. 855-860.

M. Mohageqi, M. Kargahi, and A. Movaghar, “Analytical leakage-aware
thermal modeling of a real-time system,” IEEE Trans. Comput., vol. 63,
no. 6, pp. 1378-1392, Jun. 2014.

H. Sultan and S. R. Sarangi, “A fast leakage aware thermal simulator
for 3D chips,” in Proc. Eur. Design Test Conf. (DATE), Mar. 2017,
pp. 1733-1738.

R. Diversi, A. Tilli, A. Bartolini, F. Beneventi, and L. Benini, “Bias-
compensated least squares identification of distributed thermal models
for many-core systems-on-chip,” IEEE Trans. Circuits Syst. I, Reg.
Papers, vol. 61, no. 9, pp. 2663-2676, Sep. 2014.

R. Diversi, A. Bartolini, F. Beneventi, and L. Benini, “Thermal
model identification of supercomputing nodes in production environ-
ment,” in Proc. IEEE Ind. Electron. Soc. Annu. Conf. (IECON), 2016,
pp. 4838-4844.

A. Bartolini, R. Diversi, D. Cesarini, and F. Beneventi, “Self-aware ther-
mal management for high performance computing processors,” [EEE
Design Test, vol. 35, no. 5, pp. 28-35, Oct. 2018.

S. Reda, K. Dev, and A. Belouchrani, “Blind identification of thermal
models and power sources from thermal measurements,” IEEE Sensors
J., vol. 18, no. 2, pp. 680-691, Jan. 2018.

R. Rao and S. Vrudhula, “Performance optimal processor throttling
under thermal constraints,” in Proc. Int. Conf. Compilers Archit. Synth.
Embedded Syst., 2007, pp. 257-266.

H. Wang et al., “A fast leakage-aware full-chip transient thermal esti-
mation method,” IEEE Trans. Comput., vol. 67, no. 5, pp. 617-630,
May 2018.

H. Khdr, T. Ebi, M. Shafique, H. Amrouch, and J. H. Karlsruhe,
“mDTM: Multi-objective dynamic thermal management for on-chip
systems,” in Proc. Eur. Design Test Conf. (DATE), 2014, pp. 1-6.

P. Bogdan, P. P. Pande, H. Amrouch, and J. H. Shafique, “Power and
thermal management in massive multicore chips: Theoretical foundation
meets architectural innovation and resource allocation,” in Proc. Int.
Conf. Compilers Archit. Synth. Embedded Syst., 2016, pp. 1-2.

M. A. Oxley et al., “Rate-based thermal, power, and co-location
aware resource management for heterogeneous data centers,” J. Parallel
Distrib. Comput., vol. 112, pp. 126-139, Feb. 2018.

A. Prakash, H. Amrouch, M. Shafique, T. Mitra, and J. Henkel,
“Improving mobile gaming performance through cooperative CPU-GPU
thermal management,” in Proc. Design Autom. Conf. (DAC), 2016,
pp. 1-6.

D. Palomino, M. Shafique, A. Susin, and J. Henkel, “TONE: Adaptive
temperature optimization for the next generation video encoders,”
in Proc. Int. Symp. Low Power Electron. Design (ISLPED), 2014,
pp. 33-38.

D. Palomino, M. Shafique, A. Susin, and J. Henkel, “Thermal
optimization using adaptive approximate computing for video coding,”
in Proc. Eur. Design Test Conf. (DATE), 2016, pp. 1207-1212.

A. Iranfar, M. Zapater, and D. Atienza, “Machine learning-based quality-
aware power and thermal management of multistream HEVC encoding
on multicore servers,” IEEE Trans. Parallel Distrib. Syst., vol. 29, no. 10,
pp. 2268-2281, Oct. 2018.

H. Wang et al., “STREAM: Stress and thermal aware reliability manage-
ment for 3-D ICs,” IEEE Trans. Comput.-Aided Design Integr. Circuits
Syst., to be published.

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

(58]

(591

[60]

[61]

[62]

[63]

[64]

[65]

[66]

S. Pagani et al., “Thermal safe power (TSP): Efficient power budget-
ing for heterogeneous manycore systems in dark silicon,” IEEE Trans.
Comput., vol. 66, no. 1, pp. 147-162, Jan. 2017.

H. Wang et al., “GDP: A greedy based dynamic power budgeting method
for multi/many-core systems in dark silicon,” IEEE Trans. Comput.,
vol. 68, no. 4, pp. 526-541, Apr. 2019.

V. Hanumaiah, S. Vrudhula, and K. S. Chatha, “Performance optimal
online DVFES and task migration techniques for thermally constrained
multi-core processors,” [EEE Trans. Comput.-Aided Design Integr.
Circuits Syst., vol. 30, no. 11, pp. 1677-1690, Nov. 2011.

V. Hanumaiah and S. Vrudhula, “Energy-efficient operation of multicore
processors by DVFS, task migration, and active cooling,” IEEE Trans.
Comput., vol. 63, no. 2, pp. 349-360, Feb. 2014.

A. K. Singh, C. Leech, B. K. Reddy, A.-B. M. Hashimi, and
G. V. Merrett, “Learning-based run-time power and energy management
of multi/many-core systems: Current and future trends,” J. Low Power
Electron., vol. 13, no. 3, pp. 310-325, 2017.

K. Zhang et al., “Machine learning-based temperature prediction for
runtime thermal management across system components,” IEEE Trans.
Parallel Distrib. Syst., vol. 29, no. 2, pp. 405-419, Feb. 2018.

H. Jaeger, M. LukoSevicius, P. Dan, and U. Siewert, “Optimization
and applications of echo state networks with leaky-integrator neurons,”
Neural Netw., vol. 20, no. 3, pp. 335-352, 2007.

I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. Cambridge,
U.K.: MIT Press, 2016.

Y. Pan and J. Wang, “Model predictive control of unknown nonlinear
dynamical systems based on recurrent neural networks,” IEEE Trans.
Ind. Electron., vol. 59, no. 8, pp. 3089-3101, Aug. 2012.

W. Wu, L. Jin, J. Yang, P. Liu, and S. X.-D. Tan, “A systematic method
for functional unit power estimation in microprocessors,” in Proc. Design
Autom. Conf. (DAC), Jun. 2006, pp. 554-557.

M. Powell et al., “CAMP: A technique to estimate per-structure power
at run-time using a few simple parameters,” in Proc. IEEE Int. Symp.
High Perform. Comput. Archit. (HPCA), Feb. 2009, pp. 289-300.

H. Wang, S. X.-D. Tan, X.-X. Liu, and A. Gupta, “Runtime power
estimator calibration for high-performance microprocessors,” in Proc.
Eur. Design Test Conf. (DATE), Mar. 2012, pp. 352-357.

A. Abdollahi, F. Fallah, and M. Pedram, “Leakage current reduction in
CMOS VLSI circuits by input vector control,” IEEE Trans. Very Large
Scale Integr. (VLSI) Syst., vol. 12, no. 2, pp. 140-154, Feb. 2004.

Y. Liu, R. Dick, L. Shang, and H. Yang, “Accurate temperature-
dependent integrated circuit leakage power estimation is easy,” in Proc.
Eur. Design Test Conf. (DATE), 2007, pp. 1-6.

R. Shen, S. X.-D. Tan, H. Wang, and J. Xiong, “Fast statistical full-
chip leakage analysis for nanometer VLSI systems,” ACM Trans. Design
Autom. Electron. Syst., vol. 17, no. 4, p. 51, Oct. 2012.

W. Liu, K. Cao, X. Jin, and C. Hu, “BSIM 4.0.0 techni-
cal notes,” EECS Dept., Univ. California at Berkeley, Berkeley,
CA, USA, Rep. UCB/ERL MO00/39, 2000. [Online]. Available:
http://www.eecs.berkeley.edu/Pubs/TechRpts/2000/3863.html

Predictive Technology Model. Accessed: Mar. 27, 2019. [Online].
Available: http://ptm.asu.edu

H. Wang, S. X.-D. Tan, D. Li, A. Gupta, and Y. Yuan, “Composable
thermal modeling and simulation for architecture-level thermal designs
of multicore microprocessors,” ACM Trans. Design Autom. Electron.
Syst., vol. 18, no. 2, p. 28, Mar. 2013.

L. He, W. Liao, and M. R. Stan, “System level leakage reduction consid-
ering the interdependence of temperature and leakage,” in Proc. Design
Autom. Conf. (DAC), 2004, pp. 12-17.

J. C. Ku, S. Ozdemir, G. Memik, and Y. Ismail, “Thermal manage-
ment of on-chip caches through power density minimization,” IEEE
Trans. Very Large Scale Integr. (VLSI) Syst., vol. 15, no. 5, pp. 592-604,
May 2007.

A. P. Trischler and G. M. T. D’Eleuterio, “Synthesis of recurrent neu-
ral networks for dynamical system simulation,” Neural Netw., vol. 80,
pp. 67-78, Aug. 2016.

R. Pascanu, T. Mikolov, and Y. Bengio, “On the difficulty of training
recurrent neural networks,” in Proc. Int. Conf. Mach. Learn. (ICML),
2013, pp. 1310-1318.

Y. Bengio, P. Simard, and P. Frasconi, “Learning long-term dependencies
with gradient descent is difficult,” IEEE Trans. Neural Netw., vol. 5,
no. 2, pp. 157-166, Mar. 1994.

R. Pascanu, T. Mikolov, and Y. Bengio, “Understanding the explod-
ing gradient problem,” CoRR, vol. abs/1211.5063, Nov. 2012.
[Online]. Available: https://pdfs.semanticscholar.org/728d/814b92a9d2c
6118159bb7d9a4b3dcSeeaaeb.pdf

Authorized licensed use limited to: Univ of Calif Riverside. Downloaded on June 24,2026 at 00:42:56 UTC from IEEE Xplore. Restrictions apply.



WANG et al.: LEAKAGE-AWARE PREDICTIVE THERMAL MANAGEMENT FOR MULTICORE SYSTEMS USING ESN

[67] H. Jaeger, “Tutorial on training recurrent neural networks, covering
BPPT, RTRL, EKF and the echo state network approach,” German Nat.
Res. Center Inf. Technol., Sankt Augustin, Germany, Rep. 159, 2002.
H. Jaeger, “Long short-term memory in echo state networks: Details of
a simulation study,” School Eng. Sci., Jacobs Univ. Bremen, Bremen,
Germany, Rep. 27, 2012.

S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neural
Comput., vol. 9, no. 8, pp. 1735-1780, 1997.

F. A. Gers, J. Schmidhuber, and F. Cummins, “Learning to forget:
Continual prediction with LSTM,” Neural Comput., vol. 12, no. 10,
pp. 2451-2471, 2000.

L. Wang, Model Predictive Control System Design and Implementation
Using MATLAB. London, U.K.: Springer-Verlag, 2009.

S. Boyd and L. Vandenberghe, Convex Optimization. Cambridge, U.K.:
Cambridge Univ. Press, 2006.

K. Levenberg, “A method for the solution of certain non-linear problems
in least squares,” Quart. Appl. Math., vol. 2, no. 2, pp. 164-168, 1944.
Q. Xie et al., “Performance comparisons between 7-nm FinFET and
conventional bulk CMOS standard cell libraries,” IEEE Trans. Circuits
Syst. I, Exp. Briefs, vol. 62, no. 8, pp. 761-765, Aug. 2015.

[75] Echo State Networks and Reservoir Computing. Accessed:
Mar. 27, 2019. [Online]. Available: http://minds.jacobs-university.de/
research/esnresearch/

W. Huang et al., “HotSpot: A compact thermal modeling methodol-
ogy for early-stage VLSI design,” IEEE Trans. Very Large Scale Integr.
(VLSI) Syst., vol. 14, no. 5, pp. 501-513, May 2006.

S. Xu and L. Chen, “A novel approach for determining the optimal
number of hidden layer neurons for FNN’s and its application in data
mining,” in Proc. Int. Conf. Inf. Technol. Appl., 2008, pp. 683-686.

F. S. Panchal and M. Panchal, “Review on methods of selecting number
of hidden nodes in artificial neural network,” Int. J. Comput. Sci. Mobile
Comput., vol. 3, no. 11, pp. 455-464, 2014.

[79]1 W. Liu et al., “Thermal modeling for energy-efficient smart building
with advanced overfitting mitigation technique,” in Proc. Asia South
Pac. Design Autom. Conf. (ASP-DAC), Jan. 2016, pp. 417-422.

D. Brooks, V. Tiwari, and M. Martonosi, “Wattch: A framework for
architectural-level power analysis and optimizations,” in Proc. Int. Symp.
Comput. Archit. (ISCA), Jun. 2000, pp. 83-94.

[68]

[69]

[70]

(711
[72]
[73]

[74]

[76]

(771

[78]

[80]

Hai Wang received the B.S. degree from the
Huazhong University of Science and Technology,
Wuhan, China, in 2007, and the M.S. and Ph.D.
degrees from the University of California at
Riverside, Riverside, CA, USA, in 2008 and 2012,
respectively.

He is currently an Associate Professor with the
University of Electronic Science and Technology
of China, Chengdu, China. His current research
interests include modeling, optimization, and artifi-
cial intelligence assisted design automation of very
large-scale integration circuits and systems.

Dr. Wang was a recipient of the Best Paper Award nomination from Asia
and South Pacific Design Automation Conference (ASP-DAC) in 2019. He
has served as a Technical Program Committee Member of several international
conferences, including Design, Automation and Test in Europe, ASP-DAC,
and International Symposium on Quality Electronic Design, and also served
as a Reviewer of many journals, including the IEEE TRANSACTIONS ON
COMPUTERS, the IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF
INTEGRATED CIRCUITS AND SYSTEMS, and ACM Transactions on Design
Automation of Electronic Systems.

Xingxing Guo received the bachelor’s degree from
Anhui University, Hefei, China, in 2016. She is
currently pursuing the master’s degree with the
University of Electronic Science and Technology of
China, Chengdu, China.

Her current research interests include deep learn-
ing, thermal analysis, power analysis, and ther-
mal management of integrated circuit and building
systems.

Ms. Guo was a recipient of the Best Paper Award
nomination from Asia and South Pacific Design
Automation Conference in 2019.

1413

Sheldon X.-D. Tan (S’96-M’99-SM’06) received
the B.S. and M.S. degrees in electrical engineering
from Fudan University, Shanghai, China, in 1992
and 1995, respectively, and the Ph.D. degree in elec-
trical and computer engineering from the University
of Towa, Iowa City, IA, USA, in 1999.

He is a Professor with the Department of
Electrical Engineering, University of California at
Riverside, Riverside, CA, USA, where he also a
Cooperative Faculty Member with the Department
of Computer Science and Engineering. He was a
Visiting Professor of Kyoto University, Kyoto, Japan, as a JSPS Fellow from
2017 to 2018. His current research interests include very large scale integra-
tion reliability modeling, optimization and management at circuit and system
levels, hardware security, thermal modeling, optimization and dynamic ther-
mal management for many-core processors, parallel computing, and adiabatic
and Ising computing based on GPU and multicore systems. He has published
over 290 technical papers and has coauthored 6 books in the above areas.

Dr. Tan was a recipient of the NSF CAREER Award in 2004, four Best
Paper Awards from ICSICT’18, ASICON’17, ICCD’07, and DAC’09, and
the Honorable Mention Best Paper Award from SMACD’18. He is serving
as the TPC Vice Chair of ASPDAC 2019. He is currently serving as the
Editor-in-Chief for Integration, the VLSI Journal (Elsevier), and an Associate
Editor for two journals: ACM Transaction on Design Automation of Electronic
Systems and Microelectronics Reliability (Elsevier).

Chi Zhang received the bachelor’s degree from
the Taiyuan University of Science and Technology,
Taiyuan, China, in 1994, and the master’s degree
from the Microelectronics Research Institute,
Chinese Academy of Sciences, Beijing, China, in
2003. He is currently pursuing the Ph.D. degree
with the University of Electronic Science and
technology of China, Chengdu, China.

His current research interests include mixed-
signal integrated circuit design, EDA technology,
and multimode biometrics technology.

He Tang (M’09) received the B.S.E.E. degree from
the University of Electronic Science and Technology
of China, Chengdu, China, in 2005, the M.S. degree
in electrical and computer engineering from the
Illinois Institute of Technology, Chicago, IL, USA,
in 2007, and the Ph.D. degree in electrical engineer-
ing from the University of California at Riverside,
Riverside, CA, USA, in 2010.

From 2010 to 2012, he was with OmniVision
Technologies Inc., Santa Clara, CA, USA, as an
Analog IC Designer, where he researched on high-
speed I/O interface. Since 2012, he has been an Associate Professor and,
subsequently, a Professor with the University of Electronic Science and
Technology of China. He has authored or coauthored over 40 papers. His
current research interests include data converters and analog/mixed-signal IC
designs. His past research includes high-speed high-resolution pipelined ADCs
with digital calibration and high-performance ultralow-power SAR ADCs.

Dr. Tang has been serving on IEEE CAS Analog Signal Processing
Technical Committee since 2013.

Yuan Yuan received the B.S. and M.S. degrees from
the University of Electronic Science and Technology
of China, Chengdu, China, in 1992 and 2005,
respectively.

He is currently an Associate Professor with the
University of Electronic Science and Technology of
China. He has published over 10 research papers
in international conferences and journals. His cur-
rent research interests include electronic measuring
equipment design, computer-based measuring tech-
nology, and embedded system.

Authorized licensed use limited to: Univ of Calif Riverside. Downloaded on June 24,2026 at 00:42:56 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


