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Motivation and Background



The new challenges in IC industry

Leakage 
increases

Core #: 
from multi 

to many

3D 
integration

Dark 
silicon

l Scaling causes new challenges in IC industry.
l Solutions needed for new challenges.



The leakage problems

Leakage 
increases

Core #: 
from multi 

to many

3D 
integration

Dark 
silicon

l Leakage power becomes significant.
l Leakage power highly and nonlinearly relates to 

temperature: dangerous and difficult to model.
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than the linear approximation based methods, this DTM can
only be used for single-core systems instead of multi-core
systems as stated in [19].

The discussions above reveal that it is difficult to design an
accurate leakage-aware DTM method for multi-core systems.
In this work, we resolve this problem by proposing a leakage-
aware DTM using compact piecewise linear (PWL) model
based predictive control. The major contributions of this work
include:

• In order to solve the nonlinear control problem in
leakage-aware thermal management, we propose to use a
PWL thermal model to approximate the original nonlinear
thermal model. With the PWL thermal model, predictive
control is enabled for leakage-aware DTM.

• A unified formulation of the PWL thermal model for
leakage-aware DTM is derived. Specially, a systematic
Taylor expansion point selection scheme is developed
to formulate the PWL thermal model by exploiting the
thermal behavior property of the integrated multi-core
system. The resulted PWL thermal model formulation is
concise and elegant. Therefore, it can be integrated into
the predictive control framework seamlessly.

• To reduce the runtime and memory overheads of DTM,
sampling based model order reduction (MOR) is intro-
duced to reduce the size of the PWL thermal model.
Thanks to the sampling based MOR, the resulted compact
PWL thermal model achieves both high compression rate
and high accuracy.

• We propose the compact PWL thermal model based
predictive control framework by integrating the compact
PWL thermal model into model predictive control (MPC).
Although being a nonlinear control, the compact PWL
thermal model based predictive control still retains the
concise structure of the traditional linear MPC. By using
the new temperature control method, accurate future
power recommendations can be computed for the multi-
core system.

• We have experimentally compared the new DTM method
with traditional DTM using linear thermal model based
MPC. Our numerical results show the new method out-
performs the traditional method in thermal management
quality with lower computing overhead.

II. BACKGROUND

In this section, the leakage power model used in this work
is introduced first. After that, we briefly review DTM using
model predictive control (MPC) and reveal its problem in
leakage power consideration.

A. Modeling of the leakage power

The total power of an integrated multi-core system is
composed of dynamic power pd and leakage power ps (which
is also called static power). The dynamic power depends on
the activity of the chip, and thus can be easily estimated
by performance counter based methods [20]. Unlike dynamic
power, leakage power ps is not directly related to the chip’s
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Fig. 1: Comparison of leakage of a PTM-MG 7 nm FinFET
from HSPICE simulation with leakage computed using 3-order
leakage model (2).

activity. Instead, it depends on the temperature of the chip,
and is expressed as [16], [21], [22]

ps = VddIleak(Tp), (1)

where Tp is a scalar representing the temperature at one place
of the chip,1 Ileak is the leakage current which is nonlinearly
related to temperature.

In this work, we use an n-order polynomial model to
accurately model the nonlinear leakage current Ileak(Tp) as

Ileak(Tp) = αnT
n
p + αn−1T

n−1
p + · · ·+ α0. (2)

In order to see the accuracy of the leakage model given
in (2), 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 [23], and the leakage computed by the
leakage model (with order 3). From the figure, we can see
that the leakage model (2) has high accuracy for all common
temperatures of multi-core chips.

Finally, the leakage power is accurately modeled by com-
bining equations (1) and (2).

B. Thermal management using model predictive control

In this part, we briefly introduce the MPC based DTM and
reveal its difficulty in handling leakage power. For detailed
introduction of MPC based DTM, please refer to our previous
work [12].

In order to use model predictive control (MPC) in DTM, a
thermal model of the multi-core system should be built first.
For an l-core system with m total thermal nodes, we can get
its thermal model as [4], [12], [16], [18]

GT (t) + C
dT (t)

dt
= BP (T, t),

Y (t) = LT (t),
(3)

where T (t) ∈ Rm is the temperature vector (distinguished
from scaler Tp), representing temperatures at m places of the
chip and package; G ∈ Rm×m and C ∈ Rm×m contain
equivalent thermal resistance and capacitance information,

1T introduced latter in (3) is a vector representing temperatures at
multiple positions.



The many-core challenge
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l Core # increases: tens or more cores on a single die.
l Difficult to coordinate cores for best performance 

under thermal constraint.



The problem of 3D integration

Leakage 
increases
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l 3D IC: go vertical for higher integration density.
l High power density leads to high temperature, large 

stress, and reliability issues.
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STREAM: Stress and Thermal Aware Reliability
Management for 3D ICs

Hai Wang, Darong Huang, Rui Liu, Chi Zhang, He Tang, Member, IEEE, and Yuan Yuan

Abstract—Accurate and fast reliability management is im-
portant for 3D integrated circuits (3D ICs) because of the
severe on-chip thermal and reliability problems. However, due
to the lack of stress information and difficulties in implementing
management method for reliability, existing full-chip reliability
management methods suffer from low management accuracy and
high system performance degradation. In this work, we propose
a new stress and thermal aware reliability management method
for 3D ICs called STREAM. Unlike traditional methods which
do not perform explicit stress analysis due to the large computing
cost, STREAM employs an artificial neural network (ANN) based
stress model to estimate stress accurately at runtime. In order
to further improve the reliability management accuracy and
improve the system performance, a lifetime estimator with life-
time banking technology and a specially-designed lifetime model
predictive control are integrated into the reliability management
framework. Our numerical results show that STREAM performs
the stress and thermal aware full-chip reliability management
with both high accuracy and speed. It is able to boost the
performance of 3D ICs and outperforms the state-of-the-art 3D
IC reliability management method.

Index Terms—Reliability management, stress and thermal
aware, 3D IC, model predictive control, artificial neural network.

I. INTRODUCTION

3D integrated circuits (3D ICs) exploit z-direction of tradi-
tional 2D IC by integrating multiple silicon layers vertically
using through-silicon vias (TSV) to achieve performance im-
provements [1]. A 3D IC consisting of two layers connected
by TSVs is shown in Fig. 1. Although 3D IC has many ad-
vantages, its stacked structure brings about severe thermal and
reliability problems, because it has higher power density than
traditional 2D IC chips. These problems are very challenging
and are the major obstacles that prevent the commercializing
of 3D IC [2], [3].

Many researches have been done to solve the thermal issues
of 3D ICs. Wang et al. focused on 3D thermal modeling
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Fig. 1: A 3D IC microprocessor with two layers connected by
TSVs.

(a) Longitudinal-section view. (b) Cross-section view.

Fig. 2: Structure of a TSV used in 3D IC. The TSV is filled
with Cu and contains a SiO2 liner.

and analysis [4]. A TSV placement technique was proposed
in [5] to minimize lateral heat blockages caused by TSV
structures in 3D ICs. Cong et al. developed thermal-aware
placement approaches for 3D ICs to reduce the maximum
on-chip temperature [6], [7]. Dynamic thermal management
methods for 3D IC systems were proposed in [8], [9], [10],
[11]. However, these researches only consider temperature
itself, with reliability issues of 3D ICs ignored.

Different from traditional IC chips, 3D ICs contain a special
component TSV, whose structure is shown in Fig. 2. Because
of the existence of TSV, temperature has a much more complex
impact on the final reliability of 3D ICs. As a result, simple
temperature distribution optimization does not necessarily lead
to good reliability anymore for 3D ICs. Recently, many
researches have been done directly on the reliability issues
of 3D ICs [12], [13], [14]. Among these issues, reliability
problems caused by stress, especially TSV induced stress, have
the most significant impact: the tensile stress generated by
thermal coefficient mismatching of TSV and silicon can cause
reliability problems such as cracking and timing violation [15].
To solve these problems, some techniques such as TSV
tapering and TSV placement were introduced in [16], [17],
[18] for 3D IC design and manufacturing.

Runtime Stress Estimation for 3D IC Reliability Management 1:5

(a) Temperature (K) distribution. (b) Von Mises thermal stress
(MPa) distribution.

Fig. 4. Temperature and the corresponding Von Mises thermal stress distributions of the bottom surface of
the 3D IC with uniform TSV distribution in COMSOL, with stress-free temperature set as 300K [8].

leads to large thermal stress. For the second reason, the mismatch in CTE also brings significant
stress increase. The CTE of copper is 17 × 10−6 K−1, which is nearly seven times larger than that of
silicon (2.56 × 10−6 K−1). When temperature increases with the same degree, the copper expansion
will be much more significant than silicon, resulting in considerable stress.

The stress in solid in cartesian coordinate can be expressed as [6]:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
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⎩
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E
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,
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Eν

(1 + ν )(1 − 2ν )
.

The terms (fx , fy , fz ) are forces in x , y, and z directions, (u,v,w) are displacements in the three
directions, E is the elastic modulus, ν is the Poisson ratio, α is the thermal expansion coefficient,T
is the temperature, µ and λ are the Lamé coefficients. From (1), it can be observed that (fx , fy, fz )
changes with temperature T .
As a powerfulmethod for the analysis of thermo-mechanical stress in a complex structure where

experimental investigation is quite difficult, FEM method can be used to build the 3D IC stress
model based on (1). We have built a two-layer 3D IC model with 12× 12 TSVs uniformly placed in

ACM Trans. Des. Autom. Electron. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2018.



The dark silicon hazard
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l Not all cores can be on simultaneously anymore.
l Which cores should be on and how much power 

can be consumed for best performance?

4-core with 64 nm

16-core with 32 nm

scaling



Outline
l Leakage Matters:

o Leakage-aware thermal estimation 
(IEEE Trans. on Computers, 2018)

o Leakage-aware thermal management (white-box model)
(ASP-DAC Best Paper Nomination, 2019)

o Leakage-aware thermal management (black-box model)
(IEEE Trans. on CAD of Integrated Circuits and Systems, 2019)

l Many-Core Solutions:
o Hierarchical thermal management 

(ACM Trans. on Design Automation of Electronic Systems, 2017)

l 3D Integration:
o Runtime stress estimation using ANN

(ACM Trans. on Design Automation of Electronic Systems, 2019)
o STREAM: Stress-aware reliability management

(IEEE Trans. on CAD of Integrated Circuits and Systems, 2018)

l Dark Silicon Hazard:
o GDP: Greedy based dynamic power budgeting 

(IEEE Trans. on Computers 2019)



Leakage Matters
• Leakage-aware thermal estimation 

H. Wang, J. Wan, et al., “A fast leakage-aware full-chip transient thermal 
estimation method”, IEEE Trans. on Computers, 2018

• Leakage-aware thermal management
• White-box model through PWL approximation

X. Guo, H. Wang, et al., “Leakage-aware thermal management for multi-
core systems using piecewise linear model predictive control”, ASP-DAC 
Best Paper Nomination, 2019

• Black-box model using Echo State Network (ESN)
H. Wang, X. Guo, et al., “Leakage-aware predictive thermal management 
for multi-core systems using echo state network”, IEEE Trans. on CAD of 
Integrated Circuits and Systems, 2019



Nonlinear leakage problem in 
thermal estimation 
l Leakage power depends on temperature nonlinearly.

l Difficult to compute temperature
l Initial guess and iteration needed to solve the nonlinear 

thermal model (white-box model)!
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than the linear approximation based methods, this DTM can
only be used for single-core systems instead of multi-core
systems as stated in [19].

The discussions above reveal that it is difficult to design an
accurate leakage-aware DTM method for multi-core systems.
In this work, we resolve this problem by proposing a leakage-
aware DTM using compact piecewise linear (PWL) model
based predictive control. The major contributions of this work
include:

• In order to solve the nonlinear control problem in
leakage-aware thermal management, we propose to use a
PWL thermal model to approximate the original nonlinear
thermal model. With the PWL thermal model, predictive
control is enabled for leakage-aware DTM.

• A unified formulation of the PWL thermal model for
leakage-aware DTM is derived. Specially, a systematic
Taylor expansion point selection scheme is developed
to formulate the PWL thermal model by exploiting the
thermal behavior property of the integrated multi-core
system. The resulted PWL thermal model formulation is
concise and elegant. Therefore, it can be integrated into
the predictive control framework seamlessly.

• To reduce the runtime and memory overheads of DTM,
sampling based model order reduction (MOR) is intro-
duced to reduce the size of the PWL thermal model.
Thanks to the sampling based MOR, the resulted compact
PWL thermal model achieves both high compression rate
and high accuracy.

• We propose the compact PWL thermal model based
predictive control framework by integrating the compact
PWL thermal model into model predictive control (MPC).
Although being a nonlinear control, the compact PWL
thermal model based predictive control still retains the
concise structure of the traditional linear MPC. By using
the new temperature control method, accurate future
power recommendations can be computed for the multi-
core system.

• We have experimentally compared the new DTM method
with traditional DTM using linear thermal model based
MPC. Our numerical results show the new method out-
performs the traditional method in thermal management
quality with lower computing overhead.

II. BACKGROUND

In this section, the leakage power model used in this work
is introduced first. After that, we briefly review DTM using
model predictive control (MPC) and reveal its problem in
leakage power consideration.

A. Modeling of the leakage power

The total power of an integrated multi-core system is
composed of dynamic power pd and leakage power ps (which
is also called static power). The dynamic power depends on
the activity of the chip, and thus can be easily estimated
by performance counter based methods [20]. Unlike dynamic
power, leakage power ps is not directly related to the chip’s
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Fig. 1: Comparison of leakage of a PTM-MG 7 nm FinFET
from HSPICE simulation with leakage computed using 3-order
leakage model (2).

activity. Instead, it depends on the temperature of the chip,
and is expressed as [16], [21], [22]

ps = VddIleak(Tp), (1)

where Tp is a scalar representing the temperature at one place
of the chip,1 Ileak is the leakage current which is nonlinearly
related to temperature.

In this work, we use an n-order polynomial model to
accurately model the nonlinear leakage current Ileak(Tp) as

Ileak(Tp) = αnT
n
p + αn−1T

n−1
p + · · ·+ α0. (2)

In order to see the accuracy of the leakage model given
in (2), 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 [23], and the leakage computed by the
leakage model (with order 3). From the figure, we can see
that the leakage model (2) has high accuracy for all common
temperatures of multi-core chips.

Finally, the leakage power is accurately modeled by com-
bining equations (1) and (2).

B. Thermal management using model predictive control

In this part, we briefly introduce the MPC based DTM and
reveal its difficulty in handling leakage power. For detailed
introduction of MPC based DTM, please refer to our previous
work [12].

In order to use model predictive control (MPC) in DTM, a
thermal model of the multi-core system should be built first.
For an l-core system with m total thermal nodes, we can get
its thermal model as [4], [12], [16], [18]

GT (t) + C
dT (t)

dt
= BP (T, t),

Y (t) = LT (t),
(3)

where T (t) ∈ Rm is the temperature vector (distinguished
from scaler Tp), representing temperatures at m places of the
chip and package; G ∈ Rm×m and C ∈ Rm×m contain
equivalent thermal resistance and capacitance information,

1T introduced latter in (3) is a vector representing temperatures at
multiple positions.

Very different from dynamic power, the static power ps,
caused by leakage current Ileak as

ps ¼ VddIleak; (1)

is independent of the chip’s activity. Values of static power
are harder to obtain than dynamic power, mainly because
of the special temperature sensitivity caused by leakage cur-
rent. IC leakage current has various components, including
subthreshold current, gate current, reverse-biased junction
leakage current and so on. Among these components, sub-
threshold current Isub and gate leakage current Igate are the
main parts. As a result, we can ignore other parts of leakage
and get the leakage current approximation [19], [24], [25] as

Ileak ¼ Isub þ Igate: (2)

The subthreshold current is modeled in the commonly
accepted MOSFET transistor model BSIM 4 [26] as (also
apply VDS # vT [19])

Isub ¼ KvT
2e

VGS$Vth
hvT 1$e

$VDS
vT

! "
%KvT

2e
VGS$Vth

hvT ; (3)

where vT ¼ kTp
q is the thermal voltage and Tp is a scalar rep-

resenting temperature at one place,1 K and h are process
related parameters, and Vth is the threshold voltage.

While the subthreshold current is highly related to tem-
perature, the gate current Igate, 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 relation-
ship with temperature. In this work, we use (1), (2), and (3) to
model the static power considering such relationship. The

parameters of leakage current can be obtained by curve fit-
ting using HSPICE simulation data. In order to see the accu-
racy of the model used, Fig. 1 shows an HSPICE simulation
result of leakage using TSMC 65nm process model and its
curve fitting result using approximate leakage model. From
the figure, we can see that the static power model has high
accuracy for all common temperatures of IC chips.

We can conclude that the static power distribution
depends mainly on the temperature distribution for a cer-
tain chip with constant physical parameters. Since tempera-
ture also depends on power, in order to view the whole
picture, thermal model of IC chip is used to describe tem-
perature’s dependency on power as shown next.

3.2 Thermal Modeling
In order to calculate the full-chip temperature distribution, a
thermal model with the ability to link the power and tem-
perature is needed. To perform thermal analysis for an IC
chip, we usually divide both the chip and its package into
multiple blocks called thermal nodes, with the partition
granularity determined by accuracy requirements. Then we
compute the thermal resistances and capacitances among
these thermal nodes, which model the thermal transport
and power response behaviors.

For example, for a certain chip with n total thermal
nodes, we can generate its thermal model as

GT ðtÞ þ C
dT ðtÞ
dt

¼ BP ðT; tÞ;

Y ðtÞ ¼ LT ðtÞ;
(4)

where T ðtÞ 2 Rn is the temperature vector (distinguished
from Tp, which is a scalar representing temperature at only
one place), representing temperatures at n places of the chip
and package; G 2 Rn( n and C 2 Rn( n contain equivalent
thermal resistance and capacitance information respec-
tively; B 2 Rn( l stores the information of how powers are
injected into the thermal nodes; P ðT; tÞ 2 Rl is the power
vector, which contains power consumptions of l compo-
nents on chip, including both dynamic power vector Pd and
static power vector Ps, i.e., P ðT; tÞ ¼ PsðT; tÞ þ PdðtÞ,
reminding that static power PsðT; tÞ is actually a function of
temperature T ; Y ðtÞ 2 Rm is the output temperature vector,
containing only temperatures of thermal nodes that the user

TABLE 1
Mathematical Notations

p, P total power in scalar form and vector form
pd, Pd dynamic power in scalar form and vector form
ps, Ps static power in scalar form and vector form
Ileak total leakage current
Isub, Igate subthreshold current and gate leakage current
Ilin linearized subthreshold current
vT thermal voltage
Tp, T temperature in scalar form and vector form
Tp0 Taylor expansion temperature point
K, h process related parameters for leakage current
P0, A s vector and matrix for linear static power model (9)
G, C, B, L thermal model matrices of the whole system
Y temperature vector with only chip temperatures
Gl new Gmatrix for linearized thermal model
M sampling response matrix used for MOR
Ma newM at new Taylor expansion points
ML sampling response matrix with bothM andMa

U , S, V SVD matrices ofM as in (15)
Ut, St, Vt SVD matrices inside incremental SVD
F ,H, UL, SL temporary matrices inside incremental SVD
Q, R QR factorization matrices inside incremental SVD
Ur the projection matrix in MOR
Ĝl, Ĉ, B̂, L̂ reduced linearized thermal model matrices
T̂ temperature vector in the reduced thermal model

Fig. 1. Comparison of leakage of a TSMC 65 nm process MOSFET from
HSPICE simulation with its curve fitting result using (3). An example of
temperature region division is also shown in the figure, which will be dis-
cussed later.

1. T introduced latter in (4) is a vector representing temperatures at
multiple positions.
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Piecewise linear based thermal 
estimation
l Build local linear thermal models by Taylor expansion

l Change Taylor expansion points on the fly

previous research, it has been shown that due to the charac-
teristics of today’s semiconductor process, such local linear
approximation of leakage has high accuracy around the
expansion temperature point [11], [19].

4.2 Formulating Local Linear Thermal Model
Since we have linearized the relation of subthreshold cur-
rent and temperature, we can rewrite the static power and
temperature relation in a linear form as

ps ¼ VddIleak

¼ Vdd " ðIlin þ IgateÞ
¼ Vdd " ðIlinðTpÞ þ IconstÞ;

(8)

where IlinðTpÞ represents the terms associated with Tp in (7),
Iconst contains constant terms that are not associated with Tp

in (7) and the gate leakage Igate.
Based on this new static power model, we can rebuild a

linear thermal model to replace (5). In order to do that, we
need to integrate (8) into (4). Please note that (8) is in scalar
form for only one certain thermal nodewhile (4) is in vector/
matrix form including information of all thermal nodes. So
we first rewrite (8) in vector/matrix form by collecting and
accumulating scalars IlinðTpÞ and Iconst at multiple positions
of the chip into vectors, then change the current variables to
power bymultiplying voltage Vdd. Rewriting from (8), the lin-
earized static power representation in vector/matrix form is

Ps ¼ P0 þ A sT; (9)

where P0 2 Rl is a known vector, with each element formed
by terms not associated with Tp in (8) at each position of the
chip. A s 2 Rl"n is a known rectangular diagonal matrix (the
left l" l block matrix is diagonal representing thermal
nodes on the chip, and the right l" ðn & lÞ block matrix is
all zeros representing the thermal nodes of package), with
each diagonal element formed by the coefficient associated
with Tp in (8) at each position of the chip.

Integrating (9) into (4), and let Gl ¼ G & BA s, we have

GlT ðtÞ þ C
dT ðtÞ
dt

¼ BðPdðtÞ þ P0Þ;

Y ðtÞ ¼ LT ðtÞ:
(10)

Now, we have successfully obtained a linear thermal model
considering static power and eliminated the nonlinear rela-
tionship of static power and temperature. Then, we can dis-
crete this model using backward Euler’s method, resulting
in its transient estimation form similar to (5) as

C

h
þ Gl

! "
T ðt þ hÞ ¼ C

h
T ðtÞ þ BðPdðt þ hÞ þ P0Þ;

Y ðt þ hÞ ¼ LT ðt þ hÞ:
(11)

Obviously, simulating the locally linearized leakage-aware
thermalmodel is as straightforward as in (5) by viewing “Gl”
as the new “G” matrix, and “PdðtÞ þ P0” as the new “P ðT; tÞ”
vector.

4.3 Selecting the Proper Expansion Points
Although the new linear thermal model can be generated as
shown before, the Taylor expansion temperature points still

need to be determined since the linear thermal model accu-
racy depends on them, and P0 and A s in (9) are formulated
by the expansion point information. Now, we discuss how
to choose proper values of Tp0 for thermal nodes on the chip.

As shown in Section 4.1, as a property of Taylor expansion
approximation, linear approximation (7) (also the equivalent
(9) and (10)) is accurate if the actual temperature Tp (or T in
vector form) is close enough to Tp0 . As a result, in order to
ensure the approximation accuracy, wewant each expansion
point Tp0 to be close to the actual temperature Tp in transient
thermal estimation. This means that the straightforward
choice of an expansion point is Tp0 ¼ Tp. However, such
strategy requires updating Tp0 at each time step, leading to
long computing time because many LU decompositions
have to be performed. To see this problem clearly, please
note that we need to perform LU decomposition of
ðCh þ G & BA sÞ in the transient thermal estimation process in
(11), and matrix A s depends on the Taylor expansion points
Tp0 . If we update the expansion points for every estimation
time step, LU decomposition also has to be re-performed for
every time step, causing serious computing cost problem.

In order to balance the accuracy and computing cost, we
need to propose a flexible strategy to update the Taylor
expansion point Tp0 . By observing Fig. 1, we notice that at
positions where the nonlinearity of Isub is relatively weak,
o½ðTp & Tp0Þ

2( can be small even if Tp0 is far from Tp. Inspired
by this, we propose a strategy to determine Taylor expan-
sion points in transient analysis: for each temperature, we
set a temperature region with a certain length, as shown in
Fig. 1. Assume Tp0 is taken as the Taylor expansion point for
a thermal node, such expansion point Tp0 will be used when
the node temperature Tp is within the temperature region of
Tp0 (in Fig. 1, it is the region with 10)C length as example).
We may update the expansion point only when the node
temperature Tp is out of the temperature region of Tp0 . The
temperature region lengths are determined off-line accord-
ing to the nonlinear temperature-leakage curve of a specific
fabrication process to balance the estimation accuracy and
speed. In general, shorter temperature region leads to better
accuracy but slower speed for estimation, as shown later in
experiments (Section 5.4). In addition, the region can be
shorter for temperature point with stronger nonlinearity,
and vice versa. For the temperature-leakage curve shown in
Fig. 1, the strengths of the nonlinearity are quite similar for
the whole temperature range, so we simply use the same
region length for all temperatures.

It is also noticed that Tp is an unknown variable. Thus,
we need some available information to replace Tp, in order
to determine the correct temperature regions and the corre-
sponding Taylor expansion points. In this work, we employ
the on-chip physical thermal sensors to achieve such pur-
pose. Since there are only limited number of thermal sen-
sors and we also do not want to change the linearized
model (10) (A s and P0) for temperature region change at sin-
gle or very few positions, we use the thermal sensor read-
ings to test our estimation error in real-time and determine
whether we should change the linearized model or not.
Assume there are k thermal sensors with readings at current
time as Tsen1 , Tsen2 ; . . . ; Tsenk , and the corresponding esti-
mated temperature values by (10) at thermal sensor posi-
tions are Test1 , Test2 ; . . . ; Testk . Then the maximum estimation
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previous research, it has been shown that due to the charac-
teristics of today’s semiconductor process, such local linear
approximation of leakage has high accuracy around the
expansion temperature point [11], [19].

4.2 Formulating Local Linear Thermal Model
Since we have linearized the relation of subthreshold cur-
rent and temperature, we can rewrite the static power and
temperature relation in a linear form as

ps ¼ VddIleak

¼ Vdd " ðIlin þ IgateÞ
¼ Vdd " ðIlinðTpÞ þ IconstÞ;

(8)

where IlinðTpÞ represents the terms associated with Tp in (7),
Iconst contains constant terms that are not associated with Tp

in (7) and the gate leakage Igate.
Based on this new static power model, we can rebuild a

linear thermal model to replace (5). In order to do that, we
need to integrate (8) into (4). Please note that (8) is in scalar
form for only one certain thermal nodewhile (4) is in vector/
matrix form including information of all thermal nodes. So
we first rewrite (8) in vector/matrix form by collecting and
accumulating scalars IlinðTpÞ and Iconst at multiple positions
of the chip into vectors, then change the current variables to
power bymultiplying voltage Vdd. Rewriting from (8), the lin-
earized static power representation in vector/matrix form is

Ps ¼ P0 þ A sT; (9)

where P0 2 Rl is a known vector, with each element formed
by terms not associated with Tp in (8) at each position of the
chip. A s 2 Rl"n is a known rectangular diagonal matrix (the
left l" l block matrix is diagonal representing thermal
nodes on the chip, and the right l" ðn & lÞ block matrix is
all zeros representing the thermal nodes of package), with
each diagonal element formed by the coefficient associated
with Tp in (8) at each position of the chip.

Integrating (9) into (4), and let Gl ¼ G & BA s, we have

GlT ðtÞ þ C
dT ðtÞ
dt

¼ BðPdðtÞ þ P0Þ;

Y ðtÞ ¼ LT ðtÞ:
(10)

Now, we have successfully obtained a linear thermal model
considering static power and eliminated the nonlinear rela-
tionship of static power and temperature. Then, we can dis-
crete this model using backward Euler’s method, resulting
in its transient estimation form similar to (5) as

C

h
þ Gl

! "
T ðt þ hÞ ¼ C

h
T ðtÞ þ BðPdðt þ hÞ þ P0Þ;

Y ðt þ hÞ ¼ LT ðt þ hÞ:
(11)

Obviously, simulating the locally linearized leakage-aware
thermalmodel is as straightforward as in (5) by viewing “Gl”
as the new “G” matrix, and “PdðtÞ þ P0” as the new “P ðT; tÞ”
vector.

4.3 Selecting the Proper Expansion Points
Although the new linear thermal model can be generated as
shown before, the Taylor expansion temperature points still

need to be determined since the linear thermal model accu-
racy depends on them, and P0 and A s in (9) are formulated
by the expansion point information. Now, we discuss how
to choose proper values of Tp0 for thermal nodes on the chip.

As shown in Section 4.1, as a property of Taylor expansion
approximation, linear approximation (7) (also the equivalent
(9) and (10)) is accurate if the actual temperature Tp (or T in
vector form) is close enough to Tp0 . As a result, in order to
ensure the approximation accuracy, wewant each expansion
point Tp0 to be close to the actual temperature Tp in transient
thermal estimation. This means that the straightforward
choice of an expansion point is Tp0 ¼ Tp. However, such
strategy requires updating Tp0 at each time step, leading to
long computing time because many LU decompositions
have to be performed. To see this problem clearly, please
note that we need to perform LU decomposition of
ðCh þ G & BA sÞ in the transient thermal estimation process in
(11), and matrix A s depends on the Taylor expansion points
Tp0 . If we update the expansion points for every estimation
time step, LU decomposition also has to be re-performed for
every time step, causing serious computing cost problem.

In order to balance the accuracy and computing cost, we
need to propose a flexible strategy to update the Taylor
expansion point Tp0 . By observing Fig. 1, we notice that at
positions where the nonlinearity of Isub is relatively weak,
o½ðTp & Tp0Þ

2( can be small even if Tp0 is far from Tp. Inspired
by this, we propose a strategy to determine Taylor expan-
sion points in transient analysis: for each temperature, we
set a temperature region with a certain length, as shown in
Fig. 1. Assume Tp0 is taken as the Taylor expansion point for
a thermal node, such expansion point Tp0 will be used when
the node temperature Tp is within the temperature region of
Tp0 (in Fig. 1, it is the region with 10)C length as example).
We may update the expansion point only when the node
temperature Tp is out of the temperature region of Tp0 . The
temperature region lengths are determined off-line accord-
ing to the nonlinear temperature-leakage curve of a specific
fabrication process to balance the estimation accuracy and
speed. In general, shorter temperature region leads to better
accuracy but slower speed for estimation, as shown later in
experiments (Section 5.4). In addition, the region can be
shorter for temperature point with stronger nonlinearity,
and vice versa. For the temperature-leakage curve shown in
Fig. 1, the strengths of the nonlinearity are quite similar for
the whole temperature range, so we simply use the same
region length for all temperatures.

It is also noticed that Tp is an unknown variable. Thus,
we need some available information to replace Tp, in order
to determine the correct temperature regions and the corre-
sponding Taylor expansion points. In this work, we employ
the on-chip physical thermal sensors to achieve such pur-
pose. Since there are only limited number of thermal sen-
sors and we also do not want to change the linearized
model (10) (A s and P0) for temperature region change at sin-
gle or very few positions, we use the thermal sensor read-
ings to test our estimation error in real-time and determine
whether we should change the linearized model or not.
Assume there are k thermal sensors with readings at current
time as Tsen1 , Tsen2 ; . . . ; Tsenk , and the corresponding esti-
mated temperature values by (10) at thermal sensor posi-
tions are Test1 , Test2 ; . . . ; Testk . Then the maximum estimation
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previous research, it has been shown that due to the charac-
teristics of today’s semiconductor process, such local linear
approximation of leakage has high accuracy around the
expansion temperature point [11], [19].

4.2 Formulating Local Linear Thermal Model
Since we have linearized the relation of subthreshold cur-
rent and temperature, we can rewrite the static power and
temperature relation in a linear form as

ps ¼ VddIleak

¼ Vdd " ðIlin þ IgateÞ
¼ Vdd " ðIlinðTpÞ þ IconstÞ;

(8)

where IlinðTpÞ represents the terms associated with Tp in (7),
Iconst contains constant terms that are not associated with Tp

in (7) and the gate leakage Igate.
Based on this new static power model, we can rebuild a

linear thermal model to replace (5). In order to do that, we
need to integrate (8) into (4). Please note that (8) is in scalar
form for only one certain thermal nodewhile (4) is in vector/
matrix form including information of all thermal nodes. So
we first rewrite (8) in vector/matrix form by collecting and
accumulating scalars IlinðTpÞ and Iconst at multiple positions
of the chip into vectors, then change the current variables to
power bymultiplying voltage Vdd. Rewriting from (8), the lin-
earized static power representation in vector/matrix form is

Ps ¼ P0 þ A sT; (9)

where P0 2 Rl is a known vector, with each element formed
by terms not associated with Tp in (8) at each position of the
chip. A s 2 Rl"n is a known rectangular diagonal matrix (the
left l" l block matrix is diagonal representing thermal
nodes on the chip, and the right l" ðn & lÞ block matrix is
all zeros representing the thermal nodes of package), with
each diagonal element formed by the coefficient associated
with Tp in (8) at each position of the chip.

Integrating (9) into (4), and let Gl ¼ G & BA s, we have

GlT ðtÞ þ C
dT ðtÞ
dt

¼ BðPdðtÞ þ P0Þ;

Y ðtÞ ¼ LT ðtÞ:
(10)

Now, we have successfully obtained a linear thermal model
considering static power and eliminated the nonlinear rela-
tionship of static power and temperature. Then, we can dis-
crete this model using backward Euler’s method, resulting
in its transient estimation form similar to (5) as
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þ Gl
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T ðt þ hÞ ¼ C

h
T ðtÞ þ BðPdðt þ hÞ þ P0Þ;

Y ðt þ hÞ ¼ LT ðt þ hÞ:
(11)

Obviously, simulating the locally linearized leakage-aware
thermalmodel is as straightforward as in (5) by viewing “Gl”
as the new “G” matrix, and “PdðtÞ þ P0” as the new “P ðT; tÞ”
vector.

4.3 Selecting the Proper Expansion Points
Although the new linear thermal model can be generated as
shown before, the Taylor expansion temperature points still

need to be determined since the linear thermal model accu-
racy depends on them, and P0 and A s in (9) are formulated
by the expansion point information. Now, we discuss how
to choose proper values of Tp0 for thermal nodes on the chip.

As shown in Section 4.1, as a property of Taylor expansion
approximation, linear approximation (7) (also the equivalent
(9) and (10)) is accurate if the actual temperature Tp (or T in
vector form) is close enough to Tp0 . As a result, in order to
ensure the approximation accuracy, wewant each expansion
point Tp0 to be close to the actual temperature Tp in transient
thermal estimation. This means that the straightforward
choice of an expansion point is Tp0 ¼ Tp. However, such
strategy requires updating Tp0 at each time step, leading to
long computing time because many LU decompositions
have to be performed. To see this problem clearly, please
note that we need to perform LU decomposition of
ðCh þ G & BA sÞ in the transient thermal estimation process in
(11), and matrix A s depends on the Taylor expansion points
Tp0 . If we update the expansion points for every estimation
time step, LU decomposition also has to be re-performed for
every time step, causing serious computing cost problem.

In order to balance the accuracy and computing cost, we
need to propose a flexible strategy to update the Taylor
expansion point Tp0 . By observing Fig. 1, we notice that at
positions where the nonlinearity of Isub is relatively weak,
o½ðTp & Tp0Þ

2( can be small even if Tp0 is far from Tp. Inspired
by this, we propose a strategy to determine Taylor expan-
sion points in transient analysis: for each temperature, we
set a temperature region with a certain length, as shown in
Fig. 1. Assume Tp0 is taken as the Taylor expansion point for
a thermal node, such expansion point Tp0 will be used when
the node temperature Tp is within the temperature region of
Tp0 (in Fig. 1, it is the region with 10)C length as example).
We may update the expansion point only when the node
temperature Tp is out of the temperature region of Tp0 . The
temperature region lengths are determined off-line accord-
ing to the nonlinear temperature-leakage curve of a specific
fabrication process to balance the estimation accuracy and
speed. In general, shorter temperature region leads to better
accuracy but slower speed for estimation, as shown later in
experiments (Section 5.4). In addition, the region can be
shorter for temperature point with stronger nonlinearity,
and vice versa. For the temperature-leakage curve shown in
Fig. 1, the strengths of the nonlinearity are quite similar for
the whole temperature range, so we simply use the same
region length for all temperatures.

It is also noticed that Tp is an unknown variable. Thus,
we need some available information to replace Tp, in order
to determine the correct temperature regions and the corre-
sponding Taylor expansion points. In this work, we employ
the on-chip physical thermal sensors to achieve such pur-
pose. Since there are only limited number of thermal sen-
sors and we also do not want to change the linearized
model (10) (A s and P0) for temperature region change at sin-
gle or very few positions, we use the thermal sensor read-
ings to test our estimation error in real-time and determine
whether we should change the linearized model or not.
Assume there are k thermal sensors with readings at current
time as Tsen1 , Tsen2 ; . . . ; Tsenk , and the corresponding esti-
mated temperature values by (10) at thermal sensor posi-
tions are Test1 , Test2 ; . . . ; Testk . Then the maximum estimation
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Here R = r INc l×Nc l is tuning matrix with r as the tuning param-

eter. The regulation term PT
d
RPd is added to the cost function in

(8) because we prefer power distribution not to change drastically
for practical consideration [1, 16].

Next, optimization is performed to find thePd whichminimizes
(8). However, because there is an integral with the nonlinear Ps
in thermal model (4), we cannot express Y using Pd as the vari-
able. Therefore, the optimization problem (8) cannot be solved to
find the future power recommendation, meaning predictive con-
trol cannot be directly used for the leakage-aware thermal man-
agement.

3 LEAKAGE-AWARE DTM USING PIECEWISE
LINEAR MODEL BASED PREDICTIVE
CONTROL

In this section, we present the new leakage-aware DTM method
using PWL model based predictive control.

3.1 Building local linear thermal model using
Taylor expansion

Before presenting the PWL methods, we first show the formula-
tion of the local linear thermal model (at a Taylor expansion point)
which will be used in PWL approximation.

First, we can get a local linear leakage power model by perform-
ing Taylor expansion on the original nonlinear model (1), (2), ex-
pressed in matrix-vector form as

Ps = P̂ + ĤT , (9)

where P̂ ∈ Rl is a constant vector not associated with temperature

T . Ĥ ∈ Rl×m is a constant rectangular diagonal matrix. Due to the
page limitation, please refer to [15] for the detailed derivation.

Then, by integrating (9) into (3) and letting Ĝ = G − BĤ , we
obtain a local linear thermal model as

ĜT (t) +C
dT (t)

dt
= B(Pd (t) + P̂),

Y (t) = LT (t).
(10)

Similar to (4), the local linear thermal model (10) can be dis-
cretized into the following form butwithout the integral term in (4):

T (t + h) = Â(h)T (t) + D̂(h)Pd + D̂(h)P̂, (11)

where

Â(h) = e−hC
−1Ĝ
, D̂(h) =

∫ h

0
e−(h−τ )C

−1ĜC−1B dτ .

3.2 PWL thermal model formulation
In this part, we formulate the PWL thermal model using the lo-
cal linear thermal model presented in Section 3.1. The PWL ther-
mal model can then be integrated into the predictive control frame-
work for leakage-aware DTM.

3.2.1 Taylor expansion thermal points selection scheme for leakage-
aware DTM. Although there is PWL approximation based leakage-
aware thermal estimation method [15], it is not straightforward to
apply similar PWL approximation to DTM due to the difficulty in
Taylor expansion thermal points selection. In thermal estimation

Figure 2: The sketchmap of the PWLmethod for one control
step. T1,T2, . . . ,Tn are the potential Taylor expansion points.
t, t +h1, . . . , t +hn are the potential local linear model switch-
ing time points. The black solid line is the extreme temper-
ature trajectory. The red dashed line is a common tempera-
ture trajectory. The blue dot line represents the temperature
trajectory which is already very close to the target at time t .

problem, the Taylor expansion point can be easily chosen by us-
ing the self-estimated temperature or the on-chip thermal sensor
temperature [15]. However, DTM will not know the proper Taylor
expansion points directly, because its computing target is the fu-
ture power recommendation, not the temperature. The only things
that DTM knows are the current temperature, the target temper-
ature, and also the fact that the temperature prediction trajectory
(excited by the unknown future power recommendation to be com-
puted) should be between the two temperatures. In this work, we
propose a novel Taylor expansion points selection scheme as the
following.

First, we define two thermalmanagement cases called rising case
and falling case, depending on the current temperature of the core.
We have the falling case if the current temperature is higher than
the target temperature. DTM should lower the core temperature to
target temperature for reliability in this case. Otherwise, we have
the rising case for performance. Here we use the rising case as
illustration example. Please note that DTM for the falling case can
be performed in the same way.

Let us denoteT0 as the lowest temperature andTn as the target
temperature of the chip.3 The operating temperature of rising case
lies betweenT0 andTn . We introduce n potential expansion points
in the operating temperature range: {T1,T2, . . . ,Tn }.

4 For simplic-
ity, assume all the potential expansion points are uniformly placed

in the operating temperature range, i.e.,Ti −Ti−1 =
Tn−T0

n for any
integer i ∈ [1,n], as shown in Fig. 2.

Next, corresponding to the Taylor expansion points, we also
need to determine the potential local model switching time points
{t, t + h1, . . . , t + hn } within one control step. The extreme tem-
perature trajectory in the rising case, which starts from T (t) = T0
and ends at T (t + hn ) = Tn is used to determine these time points.
As shown in Fig. 2, the extreme temperature trajectory is the solid

3Usually, the lowest temperature is set to be the same or slightly higher than the
ambient temperature.
4Please note that T0 is not a potential Taylor expansion point.
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reminding that leakage power Ps(Tt, t) is actually a function
of temperature Tt modeled using equations (1), (2), and (3);
Y (t) ∈ Rn is the output temperature vector of n cores;
L ∈ Rn×m is the corresponding output selection matrix which
selects the n core temperatures from Tt(t). For the detailed
structure of the thermal model, please refer to [45], [60].

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

Iteration based method has been proposed to compute
the temperature and leakage power by providing an initial
guess [61], [62], [34]. Although this method is pretty ac-
curate, it cannot be used in DTM because it is extremely
time consuming. In this work, we use the iteration based
thermal estimation method as the accuracy golden baseline
(called ”golden” in short) and it also serves as the multi-core
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 multi-core systems. In this
section, we present a new leakage-aware DTM method using
a neural network based nonlinear thermal model and nonlinear
model predictive control.

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 IV-B. Finally, in Section IV-C,
we demonstrate the detailed steps of integrating the ESN based
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 can also 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.

Fig. 2: A 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.

In order to improve DTM quality of multi-core 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 work 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 [64], [50]. 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 Pd(k) as the input and leakage
power Ps(k) should be handled automatically inside RNN.
Tr(k) is the output temperature of RNN, containing the on-
chip temperatures only.2 xr(k) is the state, which is also called
the hidden unit. In addition, there are matrices Ar, Dr and
Er, representing 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 temperatures Tr(k) at each time step, and has recurrent
connections from the output at one time step to the hidden
units at the next 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 multi-core system has n cores (Tr(k) ∈ Rn),
n power sources (Pd(k) ∈ Rn), and there are q hidden units
(xr(k) ∈ Rq) used at each time step, then this simple RNN
architecture can be written as

xr(k) = f(ArPd(k) +DrTr(k − 1) + α),

Tr(k) = Erxr(k) + β,
(5)

where Ar ∈ Rq×n is specifically called input weight matrix,
Dr ∈ Rq×n is called recurrent weight matrix, and Er ∈ Rn×q

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) = ek

ek+1 or hyperbolic tangent

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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reminding that leakage power Ps(Tt, t) is actually a function
of temperature Tt modeled using equations (1), (2), and (3);
Y (t) ∈ Rn is the output temperature vector of n cores;
L ∈ Rn×m is the corresponding output selection matrix which
selects the n core temperatures from Tt(t). For the detailed
structure of the thermal model, please refer to [45], [60].

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

Iteration based method has been proposed to compute
the temperature and leakage power by providing an initial
guess [61], [62], [34]. Although this method is pretty ac-
curate, it cannot be used in DTM because it is extremely
time consuming. In this work, we use the iteration based
thermal estimation method as the accuracy golden baseline
(called ”golden” in short) and it also serves as the multi-core
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 multi-core systems. In this
section, we present a new leakage-aware DTM method using
a neural network based nonlinear thermal model and nonlinear
model predictive control.

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 IV-B. Finally, in Section IV-C,
we demonstrate the detailed steps of integrating the ESN based
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 can also 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.

Fig. 2: A 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.

In order to improve DTM quality of multi-core 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 work 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 [64], [50]. 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 Pd(k) as the input and leakage
power Ps(k) should be handled automatically inside RNN.
Tr(k) is the output temperature of RNN, containing the on-
chip temperatures only.2 xr(k) is the state, which is also called
the hidden unit. In addition, there are matrices Ar, Dr and
Er, representing 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 temperatures Tr(k) at each time step, and has recurrent
connections from the output at one time step to the hidden
units at the next 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 multi-core system has n cores (Tr(k) ∈ Rn),
n power sources (Pd(k) ∈ Rn), and there are q hidden units
(xr(k) ∈ Rq) used at each time step, then this simple RNN
architecture can be written as

xr(k) = f(ArPd(k) +DrTr(k − 1) + α),

Tr(k) = Erxr(k) + β,
(5)

where Ar ∈ Rq×n is specifically called input weight matrix,
Dr ∈ Rq×n is called recurrent weight matrix, and Er ∈ Rn×q

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) = ek

ek+1 or hyperbolic tangent

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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function f(k) = tanh(k) in RNN. α ∈ Rq and β ∈ Rn 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 matrices
(Ar, Dr, Er), which lead to an accurate RNN for the specific
application, need to be determined in the training process.
Assume we have a training set comprises input (dynamic
power vector trace) and output (system temperature vector
trace) samples of nk time steps obtained using the slow
but accurate golden iteration based leakage-aware thermal
estimation method [61], [62]. Let us denote Ttr(k) as the
output temperature from training samples and Tr(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 Tr(k) of RNN as close as possible to the training
temperature data Ttr(k), by tuning the RNN weight matrices.
As a result, the goal of the training process is to minimize the
following cost function

J =
∑

1≤k≤nk

∥Ttr(k)− Tr(k)∥2. (6)

To minimize the cost function J , our task is to search for the
weight matrices (Ar, Dr, Er) which reduce the cost function
gradient ∇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 ψ(k) := Ttr(k)−Tr(k) ∈
Rn at time k in equation (6) with respect to a weight wij in
the weight matrices as an example:

∂ψ (k)

∂wij
=

∑

1≤l≤k

(

∂ψ (k)

∂xr (k)

∂xr (k)

∂Tr (l)

∂T+
r (l)

∂wij

)

, (7)

where
∂ψ (k)

∂xr (k)

∂xr (k)

∂Tr (l)

∂T+
r (l)

∂wij
measures how wij at time l

affects the ψ(k) at time k,
∂T+

r (l)

∂wij
is the “immediate” partial

derivative by taking Tr(l − 1) as a constant, and

∂xr (k)

∂Tr (l)
=

∂xr (k)

∂Tr (k − 1)

⎛

⎝

∏

l+2≤i≤k

∂Tr (i− 1)

∂xr (i− 1)

∂xr (i− 1)

∂Tr (i− 2)

⎞

⎠

=

⎛

⎝

∏

l+2≤i≤k

diag(f ′(zr(i)))DrEr

⎞

⎠

· diag(f ′(zr(l + 1)))Dr,
(8)

where zr(i) is defined as zr(i) = ArPd(i) +DrTr(i − 1) +
α 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 gradient.
In order to analyze the long-term dependencies problem and
distinguish its cause, we mainly focus on the multiplication
∏

l+2≤i≤k diag(f
′(zr(i)))DrEr in equation (8). Let us define

κi = ∥diag(f ′(zr(i)))DrEr∥2, which is also the largest
singular value of diag(f ′(zr(i)))DrEr. Then, if κi < 1
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Fig. 3: The largest singular value κi of diag(f ′(zr(i)))DrEr,
showing exploding gradient problem because κi > 1. This
RNN model has three hidden layers with 10 neurons in each
layer. All other RNN models show similar results.

TABLE I: The 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
l1 l2 l3 l4 max avg max avg

10 0 0 0 49.2 22.4 65.2 42.6
20 0 0 0 37.5 15.7 43.4 21.3
5 5 0 0 23.2 10.9 30.5 13.1
10 10 0 0 20.6 9.0 22.7 10.3
20 20 0 0 18.3 7.4 19.4 8.6
5 5 5 0 19.5 7.9 20.2 9.5
10 10 10 0 17.5 7.2 18.2 8.1
15 15 15 0 17.3 6.7 19.3 8.7
20 20 20 0 17.5 6.5 19.7 9.3
5 5 5 5 17.9 7.4 19.5 8.5
10 10 10 10 17.1 6.4 20.4 9.7

and k ≫ l, the value of ∥
∏

l+2≤i≤k diag(f
′(zr(i)))DrEr∥2

will go to 0, indicating the vanishing gradient induced long-
term dependencies problem. Similarly, the exploding gradient
induced long-term dependencies problem may happen when
κi > 1 and k ≫ l. More discussions on the difficulty of
learning long-term dependencies can be found in [65], [66],
[64], [50].

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 κi shown in Fig. 3 for one RNN
example where there are three hidden layers with 10 neurons
in each layer. In the figure, κi 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 accuracy
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 hidden layer con-

Singular value > 1: exploding gradient



l Echo State Network (ESN) is a special RNN
l Fixing the recurrent weights in hidden units
l Only train the input and output weights
l Training does not propagate through time (vs. BPTT)
l Good accuracy in leakage-aware thermal modeling

ESN to avoid exploding gradient
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figurations, RNN models have relatively large training error
and validation error. Even the smallest average 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 in-
duced long-term dependencies problem in the training process.
In the next part, we will show this problem can be solved by
using echo state network (ESN), which has a special RNN
structure.

B. ESN based leakage-aware thermal model for multi-core
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 exploding
gradient problem in training process. In this section, we show
that echo state network (ESN) [67], [49], [68], which is an
RNN with special structure, is able to avoid this problem.

1) RNN structure selection for leakage-aware thermal mod-
eling: By analyzing the difficulty in learning long-term de-
pendencies in Section IV-A2, we know the cause of such
difficulty is that the gradients (like the one in equation (7)),
which propagate over many stages through time, tend to either
vanish 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 long-short term memory structure, which makes
it difficult to be integrated into the DTM framework. Fur-
thermore, 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, echo state network (ESN) can avoid both
vanishing gradient and exploding gradient induced long-term
dependencies problems by learning only the output weight ma-
trix in training. Because the long-term dependencies problems
happen when we train the weights among hidden neurons
using backpropagation, 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 recurrent 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 backpropagation needed in training (but only
a linear regression), there is no gradient propagation and
vanishing/exploding gradient 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 accuracy in DTM without the difficulty in
learning long-term dependencies.

Fig. 4: The 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.
Pdi

(k) is the dynamic power of the i-th core and Ti(k) is the
temperature of the i-th core.

2) ESN architecture for leakage-ware thermal model-
ing: The ESN architecture used for our thermal mod-
eling is shown in Fig. 4. In the figure, Pd(k) =
[Pd1

(k), Pd2
(k), . . . , Pdn

(k)]T is the vector of dynamic
power injections of the multi-core system, and T (k) =
[T1(k), T2(k), . . . , Tn(k)]T contains the output on-chip tem-
peratures. All recurrent connections of ESN are located be-
tween hidden units. The weights of the input-to-hidden units
connections and hidden-to-hidden units connections are ran-
domly 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 equation (5).
Assume the multi-core system has n cores (T (k) ∈ Rn), n
dynamic power sources (Pd(k) ∈ Rn), and there are q hidden
units (x(k) ∈ Rq) in the ESN, then the ESN based leakage-
aware thermal model can be written as

x(k) = (1− γ)x(k − 1) + γf(APd(k) +Dx(k − 1)),

T (k) = Ex(k) +HPd(k),
(9)

where γ 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 γ is close to 0, the information for a
long time in the past can be remembered by ESN. When γ
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 ∈ Rq×n and recurrent connection matrix D ∈ Rq×q are
randomly generated and cannot be changed in the training
process. Matrices E ∈ Rn×q and H ∈ Rn×n 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 thermal model of multi-core systems. ESN training is
relatively simple: we only need to train the output matrix,
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figurations, RNN models have relatively large training error
and validation error. Even the smallest average 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 in-
duced long-term dependencies problem in the training process.
In the next part, we will show this problem can be solved by
using echo state network (ESN), which has a special RNN
structure.

B. ESN based leakage-aware thermal model for multi-core
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 exploding
gradient problem in training process. In this section, we show
that echo state network (ESN) [67], [49], [68], which is an
RNN with special structure, is able to avoid this problem.

1) RNN structure selection for leakage-aware thermal mod-
eling: By analyzing the difficulty in learning long-term de-
pendencies in Section IV-A2, we know the cause of such
difficulty is that the gradients (like the one in equation (7)),
which propagate over many stages through time, tend to either
vanish 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 long-short term memory structure, which makes
it difficult to be integrated into the DTM framework. Fur-
thermore, 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, echo state network (ESN) can avoid both
vanishing gradient and exploding gradient induced long-term
dependencies problems by learning only the output weight ma-
trix in training. Because the long-term dependencies problems
happen when we train the weights among hidden neurons
using backpropagation, 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 recurrent 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 backpropagation needed in training (but only
a linear regression), there is no gradient propagation and
vanishing/exploding gradient 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 accuracy in DTM without the difficulty in
learning long-term dependencies.

Fig. 4: The 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.
Pdi

(k) is the dynamic power of the i-th core and Ti(k) is the
temperature of the i-th core.

2) ESN architecture for leakage-ware thermal model-
ing: The ESN architecture used for our thermal mod-
eling is shown in Fig. 4. In the figure, Pd(k) =
[Pd1

(k), Pd2
(k), . . . , Pdn

(k)]T is the vector of dynamic
power injections of the multi-core system, and T (k) =
[T1(k), T2(k), . . . , Tn(k)]T contains the output on-chip tem-
peratures. All recurrent connections of ESN are located be-
tween hidden units. The weights of the input-to-hidden units
connections and hidden-to-hidden units connections are ran-
domly 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 equation (5).
Assume the multi-core system has n cores (T (k) ∈ Rn), n
dynamic power sources (Pd(k) ∈ Rn), and there are q hidden
units (x(k) ∈ Rq) in the ESN, then the ESN based leakage-
aware thermal model can be written as

x(k) = (1− γ)x(k − 1) + γf(APd(k) +Dx(k − 1)),

T (k) = Ex(k) +HPd(k),
(9)

where γ 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 γ is close to 0, the information for a
long time in the past can be remembered by ESN. When γ
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 ∈ Rq×n and recurrent connection matrix D ∈ Rq×q are
randomly generated and cannot be changed in the training
process. Matrices E ∈ Rn×q and H ∈ Rn×n 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 thermal model of multi-core systems. ESN training is
relatively simple: we only need to train the output matrix,
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Fig. 5: Framework of ESN MPC based leakage-aware DTM
for multi-core 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.

denoted here as Wout = [E,H] ∈ Rn×(q+n), using linear
regression as shown below.

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

Then, we collect the state series and training input series as
state collection matrix S ∈ Rnk×(q+n),

S =

[

x(1), x(2), . . . , x(nk)
Ptr(1), Ptr(2), . . . , Ptr(nk)

]T

.

Similarly, we collect training output series Ttr(k) as output
collection matrix O ∈ Rnk×n,

O = [Ttr(1), Ttr(2), . . . , Ttr(nk)]
T .

From equation (9), we have OT = WoutS
T , which is a linear

function. As a result, the trained output matrix Wout can be
easily computed as

Wout = (S†O)T , (10)

where S† represents the pseudo-inverse of S.
Since we get the trained ESN model without using gradient

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 IV-C.

C. Leakage-aware DTM with ESN MPC for multi-core sys-
tems

Model predictive control (MPC) has a long history in the
process industrial field. In recent years, MPC has been used
for DTM of multi-core systems [17], [18], [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 handling 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 exist-
ing MPC based DTM methods require compact linear thermal
models [17], [18], [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 multi-core systems.

The framework of the new ESN MPC based leakage-aware
DTM method for multi-core systems is shown in Fig. 5. The
basic task of ESN MPC is to calculate the input dynamic
power recommendation Pd(k + 1), such that the future plant
temperature will track a given temperature target. In order
to do that, the ESN MPC predicts the future temperature
T (k + i|k) using the ESN thermal model (presented in
Section IV-B) with current state estimation x(k). Then, the
proper Pd(k + 1) is solved from an optimization problem
(represented by the “optimization” block in Fig. 5) which
minimizes the difference between the predicted temperature
T (k + i|k) and the target temperature. Note that current
state x(k) is not directly available. It should be estimated
using extended Kalman filter [67] with sensor temperature
information T (k) from the multi-core system plant.

The challenge in the ESN MPC based DTM is how to
handle 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 Nc steps
(where Nc is called the control horizon in MPC) as

Pd = [Pd(k + 1)T , Pd(k + 2)T , . . . , Pd(k +Nc)
T ]T ,

and the future input dynamic power difference trajectory as
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T ]T ,
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Then, the temperature predictions from current time k into
the future Np steps (where Np is called the prediction horizon
in MPC), denoted as T (k + i|k), i = 1, 2, . . . , Np, can
be expressed as a function of Pd, using the ESN thermal
model (9) and current temperature information T (k) read from
thermal sensors in the multi-core system. These temperature
predictions are written in vector trajectory T ∈ RNpn as

T = [T (k + 1|k)T , T (k + 2|k)T , . . . , T (k +Np|k)
T ]T ,

where T (k+ i|k)T is the predicted temperatures at time k+ i
using information of current time k.

Similarly, the target temperature vector Ttg is written in a
vector trajectory Ttg ∈ RNpn as
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Next, we will introduce the optimization process in ESN
MPC, which is represented by the “optimization” block in
Fig. 5. As briefly mentioned before, the objective of the MPC
based DTM is to compute the proper power recommendation
which brings the predicted output temperature T as close as
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Fig. 5: Framework of ESN MPC based leakage-aware DTM
for multi-core 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.

denoted here as Wout = [E,H] ∈ Rn×(q+n), using linear
regression as shown below.
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ries Ptr(k) and training output series Ttr(k), where k =
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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 IV-C.
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Simple training via least square,
No exploding gradient problem:



Many-Core Solutions
• Hierarchical thermal management

H. Wang, J. Ma, et al., “Hierarchical dynamic thermal management method 
for high-performance many-core microprocessors”, ACM Trans. on Design 
Automation of Electronic Systems, 2017



• We want to match the desired power profile using 
current power profile, by using task migration and DVFS.

MPC

Current thermal profile 

Desired thermal profile 

Matching problem

Current power profile 

Desired power profile 

Model predictive control in thermal 
management



• Computing time increases as core number increases
• Large control delay reduces efficiency

An example of 100-core chip, assuming core in red is 
in charge of the DTM computing.

The many-core system DTM problem



Two-level Hierarchical method 
• Lower level matching

• Simply group spatially adjacent cores into blocks.
• Do matching inside each block (intra block)

l Upper level matching
l Do Matching using lower level unmatched ones (inter block)

Lower level matching Upper level matching



3-D Integration
• Runtime stress estimation using ANN

H. Wang, T. Xiao, D. Huang, L. Zhang, et al., “Runtime stress estimation for 
3D IC reliability management using artificial neural network”, ACM Trans. on 
Design Automation of Electronic Systems, 2019

• STREAM: Stress-aware reliability management
H. Wang, D. Huang, et al., “STREAM: Stress and thermal aware reliability 
management for 3D-ICs”, IEEE Trans. on CAD of Integrated Circuits and 
Systems, 2018



l Stress is significant around Through silicon via (TSV)
l Stress changes with temperature in space and time
l Temperature changes significantly in multi-core systems
l Runtime stress estimation needed

Stress problem in 3D IC

1:4 H. Wang et al.

(a) A 3D IC with uniform TSV dis-
tribution.

(b) A 3D IC with nonuniform TSV
distribution.

(c) A 3D IC with random TSV dis-
tribution.

Fig. 1. 3D ICs with different TSV distributions. For simplicity, package structure is not shown in the figure.

(a) Side view showing the two die layers connected
with 144 TSVs.

(b) Bottom view of chip showing
the 16-core architecture for each
layer.

Fig. 2. A 32-core (16 cores on each layer) 3D IC with uniform TSV distribution built in COMSOL. Package
structure is not shown in the figure.

(a) Cross-section view. (b) Longitudinal-section view.

Fig. 3. TSV filled with Cu with a SiO2 liner.

A popularly used TSV structure [22] with full copper filling and a silicon dioxide liner between
copper and silicon applied is shown in Fig. 3.
As a necessary structure in 3D IC, TSVs, however, lead to thermal induced stress problem, which

harms the reliability of the chip. There are two major reasons for the problem. For the first reason,
TSV usually has a much higher thermal conductivity than silicon wafers because of the materials it
used. As a result, a large temperature gradient may appear in the area close to TSV, which usually
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(a) Temperature (K) distribution. (b) Von Mises thermal stress
(MPa) distribution.

Fig. 4. Temperature and the corresponding Von Mises thermal stress distributions of the bottom surface of
the 3D IC with uniform TSV distribution in COMSOL, with stress-free temperature set as 300K [8].

leads to large thermal stress. For the second reason, the mismatch in CTE also brings significant
stress increase. The CTE of copper is 17 × 10−6 K−1, which is nearly seven times larger than that of
silicon (2.56 × 10−6 K−1). When temperature increases with the same degree, the copper expansion
will be much more significant than silicon, resulting in considerable stress.

The stress in solid in cartesian coordinate can be expressed as [6]:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪
⎩

−fx = kx −
Eα

1 − 2ν
·
∂T

∂x

−fy = ky −
Eα

1 − 2ν
·
∂T

∂y

−fz = kz −
Eα

1 − 2ν
·
∂T

∂z

(1)

where
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪
⎩

kx = µ(
∂2u

∂x2
+
∂2u

∂y2
+
∂2u

∂z2
) + (µ + λ)(

∂2u

∂x2
+
∂2v

∂y∂x
+
∂2w

∂z∂x
),

ky = µ(
∂2v

∂x2
+
∂2v

∂y2
+
∂2v

∂z2
) + (µ + λ)(

∂2u

∂x∂y
+
∂2v

∂y2
+
∂2w

∂z∂y
),

kz = µ(
∂2w

∂x2
+
∂2w

∂y2
+
∂2w

∂z2
) + (µ + λ)(

∂2u

∂x∂z
+
∂2v

∂y∂z
+
∂2w

∂z2
),

µ =
E

2(1 + ν )
,

λ =
Eν
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.

The terms (fx , fy , fz ) are forces in x , y, and z directions, (u,v,w) are displacements in the three
directions, E is the elastic modulus, ν is the Poisson ratio, α is the thermal expansion coefficient,T
is the temperature, µ and λ are the Lamé coefficients. From (1), it can be observed that (fx , fy, fz )
changes with temperature T .
As a powerfulmethod for the analysis of thermo-mechanical stress in a complex structure where

experimental investigation is quite difficult, FEM method can be used to build the 3D IC stress
model based on (1). We have built a two-layer 3D IC model with 12× 12 TSVs uniformly placed in
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Stress changes with temperatureA 3D IC (up) with its TSV structure (down)



l Input: temperatures around each TSV
l Output: maximum stress
l Inside: neurals with different connections

Framework of ANN stress model

Runtime Stress Estimation for 3D IC Reliability Management 1:9

Fig. 6. A normal ANN based stress model with two hidden layers , nд inputs and 1 output. All the adjacent
layers are fully-connected in this model.

Fig. 7. The circular shaped temperature grid. Assume the plane around the TSV are divided into k pieces
(each piece with an angle θ = 2π/k in the figure) around the full circle by the radial lines, and j rings
divided by the circles, making a total of nд = k × j temperature inputs. Ti (1),Ti (2), . . . ,Ti (j) represent the j
temperatures of the i-th piece.

stress estimation. It will take the temperature data around each TSV as input, and output the
maximum stress estimation for the corresponding TSV in a 3D IC. In order to achieve the best
stress estimation accuracy, we recommend collecting the training samples from the same 3D IC
on which the runtime stress estimation is performed.
With the same general framework presented above, the ANN stress model can have a variety

of structures. They have different model accuracy and compactness due to their different feature
extraction abilities. In the following parts, three ANN stress models with different structures will
be demonstrated, including the normal ANN based stress model (Section 4.3), ANN stress model
with hand-crafted feature extraction (Section 4.4), and CNN based stress model (Section 4.5).

4.3 The normal ANN based stress model

In general, the normal ANN based stress model has a simple structure. It has multiple layers with
different numbers of neurons in each layer. The adjacent layers in the normal ANN based stress
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(a) The input-output structure of
the ANN based stress model. The
model is composed of neurons
shown in Fig. 5b.

(b) The function of one neuron in
the ANN based stress model.

Fig. 5. The framework of ANN based stress model. All ANN stress models presented in this article share the
same input-output structure and neuron function as shown in the figure.

For runtime usage, the temperature around the TSV can be obtained by runtime thermal estima-
tion method with the help from the on-chip thermal sensors. There are many runtime thermal
estimation methods proposed recently. For example, the interpolation based method estimates the
full-chip temperature with negligible computing overhead [21], and the leakage-aware thermal
estimation method provides highly accurate temperature distribution at runtime [36].
The model output is the maximum stress σ . The ANN stress model is also compatible with

multiple outputs, denoted as {σ1,σ2, . . . ,σno }, where no is the output number. But in this work,
we focus on the single output case for simplicity, which is sufficient for reliability management at
runtime.
Internally, ANNs are generally composed of interconnected “neurons”, which send messages

to each other. The neurons have the same structure as shown in Fig. 5b, representing the same
function (assume this neuron has ni inputs):

y = f

(
ni∑

i=1

xiwi + b

)

, (3)

where xi is the i-th input, wi is the weight of xi , b is the bias, and y is the output. f is a nonlinear
function called the activation function. The common activation functions are tanh, sigmoid and
relu. Their formulas are expressed as follows:

f (x) = tanh(x) =
ex − e−x

ex + e−x
,

f (x) = sigmoid(x) =
1

1 + e−x
,

f (x) = relu(x) = max(0,x).

Although all neurons have the same structure, multiple neurons can compose different layers,
and multiple different layers compose different complex neural networks.
The ANN stress model must be trained offline before it can be used for runtime stress estimation.

In order to perform training, many input (temperature around the TSV) and output (maximum
stress) data pairs (called samples) of the ANN stress model are first obtained (one data pair is
obtained from one TSV) by measurements or detailed FEM simulations of the 3D IC with different
power/temperature distributions. Then, the ANN stress model is trained using these data pairs
(samples). Specifically, training means tuning the network parameters (such as weights) in order
to minimize the difference between the ANN stress model outputs (with the sample input data as
input) and the sample output data. After training, the ANN stress model can be used for runtime
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Internally, ANNs are generally composed of interconnected “neurons”, which send messages

to each other. The neurons have the same structure as shown in Fig. 5b, representing the same
function (assume this neuron has ni inputs):

y = f

(
ni∑

i=1

xiwi + b

)

, (3)

where xi is the i-th input, wi is the weight of xi , b is the bias, and y is the output. f is a nonlinear
function called the activation function. The common activation functions are tanh, sigmoid and
relu. Their formulas are expressed as follows:

f (x) = tanh(x) =
ex − e−x

ex + e−x
,

f (x) = sigmoid(x) =
1

1 + e−x
,

f (x) = relu(x) = max(0,x).

Although all neurons have the same structure, multiple neurons can compose different layers,
and multiple different layers compose different complex neural networks.
The ANN stress model must be trained offline before it can be used for runtime stress estimation.

In order to perform training, many input (temperature around the TSV) and output (maximum
stress) data pairs (called samples) of the ANN stress model are first obtained (one data pair is
obtained from one TSV) by measurements or detailed FEM simulations of the 3D IC with different
power/temperature distributions. Then, the ANN stress model is trained using these data pairs
(samples). Specifically, training means tuning the network parameters (such as weights) in order
to minimize the difference between the ANN stress model outputs (with the sample input data as
input) and the sample output data. After training, the ANN stress model can be used for runtime

ACM Trans. Des. Autom. Electron. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2018.

ANN stress model framework

Neural inside ANN stress model
Model input: temperatures 
around each TSV



l Different neural connections leads to different models
l CNN stress model works best in our test 

Example: CNN stress model
1:12 H. Wang et al.

Fig. 8. Structure of the convolutional neural network (CNN) based stress model. Each square in the figure
represents a data matrix, which is also called feature map in convolutional layer and pooling layer. The
convolutional layer includes both convolution and activation operations. In each convolutional/pooling layer,
there are multiple convolution/pooling operations working in parallel. There can be multiple convolutional
and pooling layers appearing alternately in the CNN stressmodel shown as “More convolutional and pooling
layers” in the figure. The input and output of the CNN stress model follow the ANN stress model framework
shown in Fig. 5a, except that the input of the CNN stress model is stored in matrix form rather than in vector
form.

(a) The convolution operation in ma-
trix form. The kernel size is 2 × 2 in
this example.

(b) The convolution
operation demonstrated
using neurons. All the
black lines represent
connections with shared
weight K(1, 1).

Fig. 9. Illustration of the convolution process in the convolutional layer of the CNN stress model.

4.5.4 The convolutional layer and its properties. The convolutional layer in Fig. 8 performs convo-
lution operation, which is one of the key operations in the CNN stress model. The main purpose of
performing convolution in stress estimation is to eliminate the redundancies in the input matrix
and storing only the important information into a smaller output matrix called feature map. The

ACM Trans. Des. Autom. Electron. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2018.



3-D Integration
• Runtime stress estimation using ANN

H. Wang, T. Xiao, D. Huang, L. Zhang, et al., “Runtime stress estimation for 
3D IC reliability management using artificial neural network”, ACM Trans. on 
Design Automation of Electronic Systems, 2019

• STREAM: Stress-aware reliability management
H. Wang, D. Huang, et al., “STREAM: Stress and thermal aware reliability 
management for 3D-ICs”, IEEE Trans. on CAD of Integrated Circuits and 
Systems, 2018



l We can estimate 3D IC lifetime with ANN stress model
l When the expected lifetime is 

l longer than designed: boost performance
l shorter than designed: limit performance

Boost 3D IC performance with ANN 
stress model
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Fig. 3: Stress and thermal aware reliability management flow.
The detailed structures of the lifetime estimator and lifetime
MPC are given further in Fig. 8 and Fig. 9, respectively.

STREAM, we propose to use the lifetime MPC to quantitively
compute the proper future power suggestions. Since lifetime
MPC uses model predictive control which not only considers
3D IC system’s current state but also its future state, it leads to
high system performance by fully utilizing the lifetime deposit.

The basic flow of STREAM is given in Fig. 3. The ma-
jor components of STREAM include an ANN based stress
model, a lifetime estimator with lifetime banking technique,
and a lifetime model predictive control. Integrated with the
ANN based stress model, the lifetime estimator takes the 3D
IC temperature information to quantify the accurate lifetime
information using lifetime banking technique. Then, based on
such lifetime information and 3D IC temperature information,
lifetime MPC is used to compute the power suggestion for
the future management cycle, which concludes the reliability
management loop.

B. ANN based stress model for 3D ICs

1) The motivation of using ANN based stress model:

The main problem of using the reliability models presented
in Section III-B is how to get the accurate stress information
σ. Conventionally, stress information can be estimated by finite
element methods (FEM) [19], [20]. But FEM methods cannot
be used for runtime thermal management due to its large
computing cost. Previous works [21], [43] use temperature
difference to approximate complicate σ, which can introduce
large error. In this work, we use an artificial neural network
(ANN) [44] to perform the fast and accurate stress analysis
for reliability management.

A widely used TSV structure with full copper filling and a
silicon dioxide liner between copper and silicon is shown in
Fig. 2. As a necessary structure in 3D IC, TSVs, however, lead
to thermal induced stress problem, which harms the reliability
of the chip. There are two major reasons for the problem.
First, TSV has a much higher thermal conductivity than silicon
wafers. As a result, large temperature gradient may appear in
the area close to TSV, which usually leads to large thermal
stress. Second, mismatch in coefficient of thermal expansion
(CTE) also brings significant stress increase. Specifically,
copper’s CTE (17× 10−6 K−1) is seven times larger than
the CTE of silicon (2.56× 10−6 K−1). When temperature
increases with the same degree, copper expansion will be much
more significant than silicon, resulting in considerable stress.

One example of temperature and stress distributions of a 3D
IC simulated using the FEM tool COMSOL is given in Fig. 4.
The experimental settings follow the work in [18]. Please note
that in Fig. 4c, the whole range of stress is actually from
112MPa to 834MPa, but we choose to display only the range
from 130MPa to 150MPa to make the stress distribution
more viewable. We can see that the stress distribution in 3D IC
is largely influenced by both TSV distribution and temperature
distribution. As a result, we build an ANN stress model to
capture such complex effects at runtime.

2) Structure and training of the ANN stress model: In
machine learning and cognitive science, ANNs are a family
of statistical learning models inspired by biological neural
networks to estimate or approximate functions that depend on
a large number of inputs. ANNs are generally presented as
systems of interconnected “neurons”, which connect and send
messages to each other.

The basic structure of the ANN stress model used in this
work is shown in Fig. 5. The input of this model is the
temperature distribution around a TSV in 3D IC, denoted as
{T1, T2, . . . , Tng

}, where ng is the grid number around each
TSV. The maximum stress around a TSV is chosen as the
output stress information σ to save the computing cost of the
ANN model, because it is the most important one for reliability
management. Please note that other output other than the
maximum stress or more outputs can also be implemented
if necessary. Each circle in the figure is a neuron. For neurons
in our model, they have the same function structure as

out =
ni
∑

i=1

Iiwi, (7)

where the terms Ii (Ti for the neuron in the input layer) and
wi, i = 1, 2, . . . , ni are inputs and weights of the neuron, out
is the output of the neuron (σ for the neuron in the output
layer). The values of the weights wi need to be determined in
the training process to make the ANN work as desired, which
will be shown later. There are one input layer, one output layer,
and usually one or several hidden layers in this ANN stress
model. With one or more hidden layers, the network is able
to model higher-order statistical properties.

Before being applied in STREAM, the ANN stress model
needs to be trained using temperature input and stress output
data (called training samples) specially generated for training
purpose. The goal of training is to find the optimal weights
(wi in (7)) in the ANN model, which leads to good output
accuracy. In this work, we use BackPropagation (BP) method
to train our ANN stress model, as it is a common method
of training ANNs used in conjunction with an optimization
method such as gradient descent. BP method calculates the
gradient of a loss function with respect to all the weights in
the network. The gradient is fed to the optimization method,
which in turn uses it to update the weights, in an attempt to
minimize the loss function. More specifically, before training,
the weights of the ANN model will be set randomly. They
will be updated by learning from the training samples. Each
sample, taken from the system to be modeled, is an input-
output set {T1, T2, . . . , Tng

,σs}, where {T1, T2, . . . , Tng
} are

the inputs and σs is the corresponding output of the system to



l Lifetime banking
l Deposit lifetime
l Consume lifetime
l Lifetime deposit should 

never be negative

l Lifetime model predictive 
control (MPC)
l Compute the power 

recommendation for 3D IC
l DVFS performed to match 

the power recommendation

Lifetime banking with lifetime MPC
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Fig. 13: Average throughput improvement ratio by using
STREAM over by using the existing method [21] on 3D ICs.

From the observation above, we conclude that STREAM,
equipped with lifetime estimator, is able to improve system
performance as long as there are cool phases, which are
common in 3D IC systems.

D. Overall reliability and performance enhancement by using

STREAM

In this part, we test the overall reliability and performance
enhancement by using STREAM.

First, we let the same SPEC benchmark workload run on all
cores of 3D IC, and compute the average throughput (MIPS)
improvement ratio of STREAM over the existing method. The
average throughput improvement ratio is calculated as

ratio =
MIPSSTREAM −MIPSexisting

MIPSexisting
, (15)

where MIPSSTREAM is the average system MIPS with
STREAM, and MIPSexisting is the average MIPS with the
existing method. Since different 3D IC cores have different
running speeds with reliability management, the SPEC bench-
mark on each core will restart upon completion for a fair
throughput comparison.

Fig. 13 shows the average throughput improvement ratio by
using STREAM over by using the existing method with dif-
ferent benchmark workloads. The improvement ratio achieves
5.5% with “bwaves”. The improvement ratio with “bwaves”
is significant because this benchmark has long cool phase and
low cool phase temperature, which enable performance boost
in STREAM. On the other hand, we note that the improvement
ratio is very small (nearly zero) for bechmarks “hmmer”,
“mcf” and “sjeng”, with two different reasons. The reason for
“hmmer” is that the 3D IC cores are always at the hot phase
by running this benchmark, which completely disables lifetime
deposit in STREAM. The reason for “mcf” and “sjeng” is that
the 3D IC cores are always at cool phase by running these two
benchmarks, which means no performance boost is needed at
all. Overall, STREAM outperforms existing method in system
throughput comparison, with the performance boost ability.
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(b) Lifetime deposit information of STREAM.

Fig. 14: Max temperature of 3D IC’s synthetic workload under
different management methods.

In addition to the benchmark test above, we also created
a synthetic workload to emulate the real world application
behavior. This synthetic workload has three cool phases and
two hot phases with different temperatures. Fig. 14a shows
the transient thermal behavior of 3D IC with this synthetic
workload under different reliability management methods and
without reliability management. Without reliability manage-
ment, the temperature can reach 110 ◦C which harms the
reliability of the 3D IC system. With the existing method,
the temperature can be controlled below 90 ◦C, which is the
threshold temperature without harming the reliability. How-
ever, the threshold temperature is not violated even after the
cool phase, meaning the performance potential of the 3D IC
system is not fully exploited. In addition, there is significant
temperature oscillation around the threshold temperature, indi-
cating poor control performance with large control overshoot
with the existing method.

Now let us analyze the performance of STREAM with both
Fig. 14a and Fig. 14b. We can see that from 0 s to 100 s,
3D IC stays in cool phase and lifetime deposit increases with
time. There is no reliability management needed for STREAM
during this time period. From 100 s to 150 s, 3D IC runs
in hot phase and begins to consume lifetime banking. Since
the lifetime deposit is not fully consumed during this hot
phase, STREAM does not take any control action even if the
threshold temperature is violated. System performance with
STREAM is higher than that with the existing method for this
hot phase. After the second cool phase (from 150 s to 200 s),



Dark Silicon Hazard
• GDP: Greedy based dynamic power budgeting

H. Wang, D. Tang, M. Zhang, et al., “GDP: A greedy based dynamic power 
budgeting method for multi/many-core systems in dark silicon”, IEEE Trans. 
on Computers, 2019



Two battles lost against leakage

Leakage 
increases

Core # 
increases

Dark 
silicon

Fix core #
Increase frequency
Best days in performance increase!

Fix frequency
Increase core #

Not all cores operates
@ full freq anymore
We lost Dennard scaling
Solutions needed!

Around 2006 Recently

l Leakage power does not scale like dynamic power
l Power density increases with scaling (Dennard scaling lost)

l Power (heat) removal ability remains the same



Power budgeting for dark silicon
l Activating different cores 

leads to different power 
budget

l How to determine the 
active core distributions 
and power budget?

l Our solution: Greedy 
Dynamic Power (GDP)
l Locate active core positions 

at runtime
l Compute power budget for 

each core
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938 the GDP computed power budget is very close to the global
939 optimal one.

940 5.2 Effectiveness and Performance Tests for
941 Transient Cases
942 GDP is a dynamic based method, meaning it is able to pro-
943 vide power budget adapting to transient running state of
944 the multi/many-core dark silicon system.
945 GDP mainly focuses on computing the power budget
946 dynamically for the multi/many-core dark silicon system.
947 By using the power budget and active core distribution
948 suggestion provided by GDP, many different thermal man-
949 agement methods can be designed and optimized, which is
950 not the main focus of this work. In order to test the dynamic
951 behavior of GDP for transient cases, the same simple task
952 scheduling and dynamic voltage and frequency scaling
953 strategy is used for allmethods: a powermatching determines
954 task scheduling and DVFS is performed when the task on the
955 core consumes more power than the provided power budget.
956 Please note that task scheduling and DVFS are used here only
957 on the purpose of showing power budgeting performance.
958 Advanced task scheduling and DVFS methods may further
959 boost performance but is out of scope of thiswork.
960 In the experiment, GDP is set to compute power budget
961 dynamically for every 10 seconds (h ¼ 10). State-of-the-art
962 power budgetingmethod TSP [18] and neighbor-awaremulti-
963 core dynamic thermal management method NADTM [14] are
964 used for comparison. Two SPEC benchmark applications are
965 running on each active core by round-robin scheduling, with
966 time slice set to be 50 ms [41]. At initiation, the applications
967 are randomly assigned to the active cores. The computing
968 overheads of all methods are considered in the experiments as
969 throughput deduction and management latency. The power
970 consumption is obtained by the power estimator Wattch [42].
971 There are 18 V/F levels (from 0.32V@140MHz to 1V@2GHz)

972for DVFS in our experiment, with DVFS action overhead set
973to be 10ms by following the settings in [43]. The taskmigration
974overhead is set as 10ms according to [44].
975We first verify the effectiveness of TSP and GDP, i.e., we
976check whether the temperature will be constrained below
977the threshold if the given power budget is followed. We
978plot the transient temperature results with GDP and TSP in
979Fig. 9a and 9b, respectively. Because TSP is a static power
980budgeting method, we have to activate cores according to
981the worst case distribution to test if the system temperature
982is properly controlled with TSP power budget. For GDP, the
983cores are activated according to the sub-optimal distribution
984computed by the greedy based algorithm in GDP. From the
985figure, we can see that both power budgets provided by
986TSP and GDP are able to constrain the temperatures of all
987active cores below the user defined thermal threshold (80"C
988in our test case) with the simple task scheduling and DVFS.2

989In Fig. 9a, core temperature switches between high tempera-
990ture and low temperature because GDP may switch active
991core positions dynamically.
992Next, we compareGDPwith the neighbor-aware dynamic
993thermal management method NADTM [14], because both
994methods take neighbor core’s temperature into account.
995The transient temperature results with NADTM is shown in
996Fig. 9c. We see that NADTM is not able to constrain the core
997temperature below the given thermal threshold for the dark
998silicon system. NADTM fails because it is not designed
999considering dark silicon properties. We provide the detailed
1000discussion as follows.
1001The basic idea of NADTM is to use a linear model with
1002three inputs (own current temperature, own increment factor,
1003and neighbor increment factor) and three parameters3 to
1004predict the core’s own temperature.
1005The major problem of using NADTM in dark silicon
1006system is that there are only three inputs and three para-
1007meters (specifically, a;b; g in NADTM paper) in tempera-
1008ture prediction, and only one input and one parameter (g)
1009among them is used to consider all four neighbor cores’
1010impact. This is far from sufficient to consider the complex
1011dark silicon temperature behaviors. To be specific, for dark
1012silicon system, the neighbor cores could be inactive state
1013or off state, and they impact the neighbor cores quite differ-
1014ently when in different state. If we put all neighbor cores’
1015on-off combinations and different benchmarks into the
1016training process, we end up with a large number of training
1017samples with large diversity. For this overdetermined prob-
1018lem, the least square method will find a solution a;b; g
1019which works best for all samples. However, because of the
1020large number and large diversity of the samples, the least
1021square solution even has large error for the training sam-
1022ples. In another word, it is impractical to use a model with
1023only three parameters to predict the complex temperature
1024behavior of the dark silicon multi-core systems.

Fig. 8. Temperature distributions of systems with different core number
and active core number.

2. In the TSP test case, temperatures of the active cores will be signif-
icantly lower than threshold if active core distribution other than the
worst case one is used. This is because TSP is a static power budgeting
method, which has to provide over pessimistic (i.e., much lower than
real) power budget to guarantee thermal safety of the system in all con-
ditions including the worst one.

3. The three parameters are trained using least-square estimation in
NADTM algorithm.
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The greedy iteration in GDP
l Searching for the best 

distribution is expensive
l Search the local best one 

instead!
l Locate the first best one and 

fix its position
l Search for the second best 

one and fix its position
l Continue this greedy 

iteration

l Transient temp. effects 
considered at runtime

4.5.1 Reverse GDP to Locate Non-Active Cores

For a system with large active core ratio, GDP will locate the
active cores one by one with a lot of iterations. For example,
there will be 60 iterations for GDP to find the power budget
for a 64-core system with 60 active cores. For such condition,
we can actually locate the non-active cores instead of the
active cores, in order to reduce the computing overhead.
We call this method which aims to find non-active core
positions rather than active core positions as reverse GDP.

The main idea of reverse GDP is to find the locations
of non-active cores rather than active cores, in a greedy
manner similar to the standard GDP. The steps of reverse
GDP for one iteration are given as follows: First, calculate
the power budget using the QP optimization (11), by assum-
ing all cores are active except for the already located non-
active cores in previous iterations (for initiation, simply
assume all cores are active). Second, among all active cores,
find the one (assume the jth core) with smallest kajpjk1.
This core (the jth core) is the newly located non-active core
in this iteration. At last, calculate the power budget for new
distribution and go to the second step to start the next itera-
tion until sufficient non-active cores are located.

Reverse GDP has lower computing overhead when the
active core ratio is high. For the same 64-core system with
60 active cores, reverse GDP only needs 4 iterations com-
pared to 60 iterations of standard GDP.

4.5.2 Parallel GDP for Parallel Computing

The computing overhead of GDP also grows with core num-
ber. For the system with a large number of cores, we divide
the original system into smaller sub-systems, and find the
active core positions for each sub-system in parallel to reduce
the computing overhead.We call thismethod as parallel GDP.

The main idea of parallel GDP is to divide the original
system into several small sub-systemswithmoderate number
of cores, such that the active cores can be located for each sub-
system with standard GDP process in parallel. Since we only
need to find the sub-optimal active core locations, the bound-
aries of each sub-system can be treated as adiabaticwith toler-
able error loss. The active core number in each sub-system
can be setmanually by assuming uniform active core distribu-
tion or by experience, as long as the total active core number
is met. After all active core positions are located, we compute
the power budget using the original system model (not the
sub-system model anymore). As a result, the impact of the
neighbor sub-systems is also accurately considered in parallel
GDP. Please note that although the final power budget com-
puting step is not a parallel process, it is still very fast because
there is no iteration in this step.

Parallel GDP enables performing GDP even on a system
with large number of cores. For example, if we apply paral-
lel GDP to a 64-core system by dividing the original system
into four 16-core sub-systems, the computing overhead is
similar to applying standard GDP to a 16-core system.

4.6 Guidance on Estimating the Optimality Lower-
Bound of GDP in Steady State

Since GDP provides sub-optimal solution, one natural ques-
tion is how optimal is the GDP solution. However, deriving
a theoretical optimality lower-bound for GDP is extremely

difficult because the optimality of GDP differs with system
core number, active core number, and the system thermal
model (Amatrix, etc.). Even checking the optimality of GDP
is challenging because of the inability to obtain the optimal
solution for just moderate sized multi-core systems: the
computing complexity is so high that we cannot get the
optimal solution for the 25-core system with 12 active cores
even after over 12 hours’ computing.

However, we still give a guidance on estimating the lower-
bound of GDP in steady state. This guidance is based on the
observation that the optimality of GDP increases with system
core number n, simply because the active core area mismatch
ratio between the GDP solution and the optimal solution
is smaller with larger system core number n. For example,
finding even one wrong active core position for a 9-core
system can make a relatively large difference in power bud-
get. However, finding even several wrong active core posi-
tions in a 1000-core system is not a big deal in power budget.
As a result, we can seek for the largest difference between the
GDP solution and the optimal solution in systems with small
number of cores. Such difference could be the steady state
optimality lower-bound for systems with different number
of cores sharing the samepackage structure.

To be specific, for quad-core (2! 2) system in steady
state, the active core distribution given by GDP is absolutely
optimal for any active core numbers. For the 3! 3 core
system, not all GDP solutions are optimal anymore because
GDP is greedy based. Specifically, GDP solutions are non-
optimal for active core number 2, 3, 4, as can be easily
observed in Fig. 7. By comparing the steady state power
budgets given by GDP and the optimal method, we find the
4 active core case has the largest power budget difference
(1.5%). Thus, we can take such difference as the optimality

Fig. 7. Temperature distributions of the 9-core system with the power
budget given by GDP’s first four greedy steps.
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4.5.1 Reverse GDP to Locate Non-Active Cores

For a system with large active core ratio, GDP will locate the
active cores one by one with a lot of iterations. For example,
there will be 60 iterations for GDP to find the power budget
for a 64-core system with 60 active cores. For such condition,
we can actually locate the non-active cores instead of the
active cores, in order to reduce the computing overhead.
We call this method which aims to find non-active core
positions rather than active core positions as reverse GDP.

The main idea of reverse GDP is to find the locations
of non-active cores rather than active cores, in a greedy
manner similar to the standard GDP. The steps of reverse
GDP for one iteration are given as follows: First, calculate
the power budget using the QP optimization (11), by assum-
ing all cores are active except for the already located non-
active cores in previous iterations (for initiation, simply
assume all cores are active). Second, among all active cores,
find the one (assume the jth core) with smallest kajpjk1.
This core (the jth core) is the newly located non-active core
in this iteration. At last, calculate the power budget for new
distribution and go to the second step to start the next itera-
tion until sufficient non-active cores are located.

Reverse GDP has lower computing overhead when the
active core ratio is high. For the same 64-core system with
60 active cores, reverse GDP only needs 4 iterations com-
pared to 60 iterations of standard GDP.

4.5.2 Parallel GDP for Parallel Computing

The computing overhead of GDP also grows with core num-
ber. For the system with a large number of cores, we divide
the original system into smaller sub-systems, and find the
active core positions for each sub-system in parallel to reduce
the computing overhead.We call thismethod as parallel GDP.

The main idea of parallel GDP is to divide the original
system into several small sub-systemswithmoderate number
of cores, such that the active cores can be located for each sub-
system with standard GDP process in parallel. Since we only
need to find the sub-optimal active core locations, the bound-
aries of each sub-system can be treated as adiabaticwith toler-
able error loss. The active core number in each sub-system
can be setmanually by assuming uniform active core distribu-
tion or by experience, as long as the total active core number
is met. After all active core positions are located, we compute
the power budget using the original system model (not the
sub-system model anymore). As a result, the impact of the
neighbor sub-systems is also accurately considered in parallel
GDP. Please note that although the final power budget com-
puting step is not a parallel process, it is still very fast because
there is no iteration in this step.

Parallel GDP enables performing GDP even on a system
with large number of cores. For example, if we apply paral-
lel GDP to a 64-core system by dividing the original system
into four 16-core sub-systems, the computing overhead is
similar to applying standard GDP to a 16-core system.

4.6 Guidance on Estimating the Optimality Lower-
Bound of GDP in Steady State

Since GDP provides sub-optimal solution, one natural ques-
tion is how optimal is the GDP solution. However, deriving
a theoretical optimality lower-bound for GDP is extremely

difficult because the optimality of GDP differs with system
core number, active core number, and the system thermal
model (Amatrix, etc.). Even checking the optimality of GDP
is challenging because of the inability to obtain the optimal
solution for just moderate sized multi-core systems: the
computing complexity is so high that we cannot get the
optimal solution for the 25-core system with 12 active cores
even after over 12 hours’ computing.

However, we still give a guidance on estimating the lower-
bound of GDP in steady state. This guidance is based on the
observation that the optimality of GDP increases with system
core number n, simply because the active core area mismatch
ratio between the GDP solution and the optimal solution
is smaller with larger system core number n. For example,
finding even one wrong active core position for a 9-core
system can make a relatively large difference in power bud-
get. However, finding even several wrong active core posi-
tions in a 1000-core system is not a big deal in power budget.
As a result, we can seek for the largest difference between the
GDP solution and the optimal solution in systems with small
number of cores. Such difference could be the steady state
optimality lower-bound for systems with different number
of cores sharing the samepackage structure.

To be specific, for quad-core (2! 2) system in steady
state, the active core distribution given by GDP is absolutely
optimal for any active core numbers. For the 3! 3 core
system, not all GDP solutions are optimal anymore because
GDP is greedy based. Specifically, GDP solutions are non-
optimal for active core number 2, 3, 4, as can be easily
observed in Fig. 7. By comparing the steady state power
budgets given by GDP and the optimal method, we find the
4 active core case has the largest power budget difference
(1.5%). Thus, we can take such difference as the optimality

Fig. 7. Temperature distributions of the 9-core system with the power
budget given by GDP’s first four greedy steps.
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For a system with large active core ratio, GDP will locate the
active cores one by one with a lot of iterations. For example,
there will be 60 iterations for GDP to find the power budget
for a 64-core system with 60 active cores. For such condition,
we can actually locate the non-active cores instead of the
active cores, in order to reduce the computing overhead.
We call this method which aims to find non-active core
positions rather than active core positions as reverse GDP.

The main idea of reverse GDP is to find the locations
of non-active cores rather than active cores, in a greedy
manner similar to the standard GDP. The steps of reverse
GDP for one iteration are given as follows: First, calculate
the power budget using the QP optimization (11), by assum-
ing all cores are active except for the already located non-
active cores in previous iterations (for initiation, simply
assume all cores are active). Second, among all active cores,
find the one (assume the jth core) with smallest kajpjk1.
This core (the jth core) is the newly located non-active core
in this iteration. At last, calculate the power budget for new
distribution and go to the second step to start the next itera-
tion until sufficient non-active cores are located.

Reverse GDP has lower computing overhead when the
active core ratio is high. For the same 64-core system with
60 active cores, reverse GDP only needs 4 iterations com-
pared to 60 iterations of standard GDP.

4.5.2 Parallel GDP for Parallel Computing

The computing overhead of GDP also grows with core num-
ber. For the system with a large number of cores, we divide
the original system into smaller sub-systems, and find the
active core positions for each sub-system in parallel to reduce
the computing overhead.We call thismethod as parallel GDP.

The main idea of parallel GDP is to divide the original
system into several small sub-systemswithmoderate number
of cores, such that the active cores can be located for each sub-
system with standard GDP process in parallel. Since we only
need to find the sub-optimal active core locations, the bound-
aries of each sub-system can be treated as adiabaticwith toler-
able error loss. The active core number in each sub-system
can be setmanually by assuming uniform active core distribu-
tion or by experience, as long as the total active core number
is met. After all active core positions are located, we compute
the power budget using the original system model (not the
sub-system model anymore). As a result, the impact of the
neighbor sub-systems is also accurately considered in parallel
GDP. Please note that although the final power budget com-
puting step is not a parallel process, it is still very fast because
there is no iteration in this step.

Parallel GDP enables performing GDP even on a system
with large number of cores. For example, if we apply paral-
lel GDP to a 64-core system by dividing the original system
into four 16-core sub-systems, the computing overhead is
similar to applying standard GDP to a 16-core system.

4.6 Guidance on Estimating the Optimality Lower-
Bound of GDP in Steady State

Since GDP provides sub-optimal solution, one natural ques-
tion is how optimal is the GDP solution. However, deriving
a theoretical optimality lower-bound for GDP is extremely

difficult because the optimality of GDP differs with system
core number, active core number, and the system thermal
model (Amatrix, etc.). Even checking the optimality of GDP
is challenging because of the inability to obtain the optimal
solution for just moderate sized multi-core systems: the
computing complexity is so high that we cannot get the
optimal solution for the 25-core system with 12 active cores
even after over 12 hours’ computing.

However, we still give a guidance on estimating the lower-
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core number n, simply because the active core area mismatch
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is smaller with larger system core number n. For example,
finding even one wrong active core position for a 9-core
system can make a relatively large difference in power bud-
get. However, finding even several wrong active core posi-
tions in a 1000-core system is not a big deal in power budget.
As a result, we can seek for the largest difference between the
GDP solution and the optimal solution in systems with small
number of cores. Such difference could be the steady state
optimality lower-bound for systems with different number
of cores sharing the samepackage structure.

To be specific, for quad-core (2! 2) system in steady
state, the active core distribution given by GDP is absolutely
optimal for any active core numbers. For the 3! 3 core
system, not all GDP solutions are optimal anymore because
GDP is greedy based. Specifically, GDP solutions are non-
optimal for active core number 2, 3, 4, as can be easily
observed in Fig. 7. By comparing the steady state power
budgets given by GDP and the optimal method, we find the
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We call this method which aims to find non-active core
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there is no iteration in this step.

Parallel GDP enables performing GDP even on a system
with large number of cores. For example, if we apply paral-
lel GDP to a 64-core system by dividing the original system
into four 16-core sub-systems, the computing overhead is
similar to applying standard GDP to a 16-core system.
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tion is how optimal is the GDP solution. However, deriving
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is challenging because of the inability to obtain the optimal
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computing complexity is so high that we cannot get the
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state, the active core distribution given by GDP is absolutely
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system, not all GDP solutions are optimal anymore because
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9-core system’s first 4 GDP iterations



Thank you!


