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Abstract—In this paper, we propose a new energy and lifetime
optimization techniques for emerging dark silicon manycore
microprocessors considering both hard long-term reliability
effects (hard errors) and transient soft errors, which have been
studied less in the past. We consider a recently proposed physics-
based electromigration (EM) reliability model to predict the
EM-induced reliability. We employ both dynamic voltage and
frequency scaling (DVFS) and dark silicon core state using
ON/OFF switching action as the two control knobs. We show that
on-chip power consumption has different (even contradicting)
impacts on soft and hard reliability effects. This paper also
shows that soft error should be mitigated by other techniques if
aggressive low power and high long-term reliability are pursued.
We focus on two optimization techniques for improving lifetime
and reducing energy. To optimize EM-induced lifetime, we first
apply the adaptive Q-learning-based method, which is suitable
for dynamic runtime operation as it can provide cost-effective
yet good solutions. The second lifetime optimization approach is
the mixed-integer linear programming (MILP) method, which
typically yields better solutions but at higher computational
costs. To optimize the energy of a dark silicon chip subject to
the both hard and soft reliability effects, power budgets, and
performance limits, the Q-learning method has been applied
as well. A large class of multithreaded applications is used as
our benchmarks to validate and compare the proposed dynamic
reliability management methods. Experimental results on a
64-core dark silicon chip show that the proposed DRM algo-
rithm can effectively manage and optimize the lifetime of a
dark silicon microprocessor under the given power budget and
performance limit. Also, the proposed energy optimization can
effectively manage and optimize energy consumption subject to
both hard and soft-error rates, power budget, and performance
limits as constraints. We also show that the under tightened
power and performance constraints, we cannot satisfy both
hard and soft errors at the same time as there is no simple
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tradeoff between performance/power and reliability in this case.
Some other soft-error mitigation techniques are required in
this case.

Index Terms—Dark Silicon, electromigration, integrated cir-
cuit reliability, mircoprocessors, optimization, Q-learning, rein-
forcement learning, reliability, semiconductor device reliability.

I. INTRODUCTION

OR the last several decades, technology scaling has led
to the continuous integration of devices, and microproces-
sors will have more cores integrated in the future. However,
due to the failure of Dennard’s scaling [1], chip power density
is increasing on technology nodes since transistor and voltage
scaling is no longer linear. The consequence is the emergence
of so-called dark silicon manycore microprocessors, which
mean only a percentage of cores can be powered on the
chip due to the power and temperature limitations. Recently,
architecture researchers predicted that future many-core
(100-1000 cores) silicon dies can only be powered up par-
tially (so-called dark silicon) as power constraints will not
allow all the cores to be active at the same time. Such
manycore systems pose new challenges and opportunities for
power/thermal and reliability management of those chips [2].
Existing works for dark silicon research have been focused
mainly on the core organization, optimal number of cores,
task allocation, migration, and scheduling [2]-[5]. Moreover,
those existing works focus on performance latency, band-
width, and energy efficiency for dark silicon chips. Recently,
the reliability management methods for dark silicon manycore
scaling have been studied [6], [7]. However, all of these
works considered general reliability models, which will not
be accurate for specific failure mechanisms. Recently, a new
electromigration (EM) model has been used for energy opti-
mization as a dynamic reliability management (DRM) but it
only considered the EM model [8]. For dynamic power and
thermal management, learning-based methods have recently
become popular. Many proposed methods applied Q-learning-
based method, which is a reinforcement machine learning
method for the adaptive control [9]-[12].

Energy-efficient or green computing is important for
sustainability and environmental responsibility. This is also
true for dark silicon many-core microprocessors as they may
power many IT equipment and data centers in the near future.
Power, performance, and temperature limitations are tradi-
tional dominant factors for energy efficient high-performance
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and mobile computing. As technology advances, reliability
starts to become another limiting factor in high-performance
nanometer microprocessors due to the high failure rates in
deep submicrometer and nanoscale devices. It is expected that
future chips will show signs of reliability-induced aging much
sooner than the previous generations based on the prediction
of ITRS 2014 [13].

Among many reliability effects, we consider EM and soft
error-induced reliability effects as they have become major
concerns for designers due to aggressive transistor scaling and
increasing power density. EM effect is the dominant intercon-
nect failure mechanism in the 22 nm and below technology
due to the shrinking wire width and thermal elevation due
to FInFET devices [14], which will have immediate impacts
on the metals above the FinFET devices. We want to stress
that there exist many other long-term reliability effects such as
negative-bias temperature instability (NBTI), hot carrier injec-
tion (HCI), and time dependent dielectric breakdown (TDDB)
for devices and stress migration and thermal migration for
interconnects. However, in this paper, we only consider EM
reliability for the demonstration of the proposed reliability
management techniques. The proposed techniques are orthog-
onal to other long-term reliability managements as those
long-term reliability effects generally behave similarly or in
a similar trend under their stressing conditions in terms of
voltage, current, and temperature [15].

On the other hand, soft-error related reliability has
quite different impacts on VLSI chips (from the long-term
reliability). This is especially true for chips operating in the
very low voltage or even near threshold voltage regions. For
practical chips, we have to consider both reliability effects at
the same time. Although there are many soft-error mitigation
techniques ranging from redundancy-based design to software-
based methods, it is important to study their impacts in the
context of long-term reliability optimization techniques such
as dynamic voltage and frequency scaling (DVFS) and ON/OFF
switching of cores from dark silicons.

As a result, in this paper, we consider the energy or relia-
bility optimization subject to the two kinds of reliability (long
term and soft errors) and the power, performances, and tem-
perature constraints. We look at the two system-level control
knobs: core status knobs to enable or disable a core due to dark
silicon requirement and DVFES knobs for traditional power and
thermal management. Hence, in this paper, we try to solve the
resulting optimal control problems to seek the best policies
for DVFS and core status in the context of the two kinds of
reliability constraints.

In this paper, we propose a new energy and lifetime
optimization techniques for emerging dark silicon manycore
microprocessors considering both hard long-term reliability
effects (hard errors) and transient soft errors. Our new con-
tributions lie in the following aspects.

1) We consider a recently proposed physics-based EM
reliability model to predict the EM-induced long-term
reliability. For system-level soft error modeling, we con-
sider the DVFS-aware soft error rate (SER) model
and the sum of failure rates (SOFR) method are
employed.
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2) To model dark silicon, we consider thermal design power
as the power constraint for dark silicon manycore micro-
processors. We employ both DVFS and dark silicon core
state using ON/OFF switching action as the two control
knobs. We show that on-chip power consumption has
different (even contradicting) impacts on soft and hard
reliability effects. This paper also shows that soft error
should be mitigated by other techniques if aggressive
low power and high long-term reliability are pursued.

3) We focus on two optimization techniques for improving
lifetime and reducing energy. To optimize EM-induced
lifetime, we first apply the adaptive Q-learning-based
method, which is suitable for dynamic runtime opera-
tion as it can provide cost-effective yet good solutions.
The second lifetime optimization approach is the mixed-
integer linear programming (MILP) method, which
typically yields better solutions but at higher compu-
tational costs.

4) To optimize the energy of a dark silicon chip subject to
the both hard and soft reliability effects and performance
constraints, the Q-learning method has been applied as
well. A large class of multithreaded applications is used
as the benchmark to validate and compare the proposed
DRM methods.

5) Experimental results on a 64-core dark silicon chip
show that the proposed DRM algorithm can effectively
manage and optimize the lifetime of a dark silicon
microprocessor under the given power budget and per-
formance limits. Also, the proposed energy optimization
can effectively manage and optimize energy subject to
both hard and SERs, given power budget and perfor-
mance limits as constraints. We also show that with the
tightened power and performance constraints, we cannot
satisfy both hard and soft errors at the same time as there
is no simple tradeoff between performance/power and
reliability in this case. Some other soft-error mitigation
techniques become imperative in this case.

This paper is organized as follows. Section II reviews
recently proposed EM models, system-level EM modeling and
soft-error models at the system level. Section III introduces
the new DRM methods considering both EM-induced hard
reliability and soft errors. We present two learning-based opti-
mization techniques, one for optimizing energy and another
for optimizing lifetime subject to performances, temperature,
and reliability constraints. Section IV presents some numerical
results on a simulated dark-silicon framework. Section V
concludes this paper.

II. REVIEW OF THE EM AND SOFT ERROR
RELIABILITY MODELS

A. New Physics-Based EM Modeling and Analysis

EM is the physical phenomenon of the migration of
metal atoms along a direction of applied electrical field.
Atoms (either lattice atoms or defects/impurities) migrate
toward the anode end of metal wire along the trajectory of
conducting electrons. Over time, the lasting unidirectional
electrical load increases these stresses, as well as the stress
gradient along the metal line. In some cases, usually when a
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line is long, this stress can reach a critical level, resulting in a
void nucleation at the cathode and/or hillock formation at the
anode end of line.

The EM effects are mainly modeled and heavily used by
empirical Black’s equation [16] and Blech limit [17]. However,
those models are not physics-based and they do not fully
consider the predictability for varying stressed conditions and
complicated interconnect wire structures. In addition, they
do not address the inherent redundancy in the power grid
networks that are the most vulnerable wires in a chip.

To address those problems, a more physics-based compact
EM model has been recently proposed for full-chip reliability
analysis [18], [19], which is the basis for EM reliability
modeled in this paper. The EM development process consists
of two phases—the nucleation phase and the growth phase.
In the first nucleation phase, a closed-form expression to
compute the nucleation time (tpyuc) is given, which is a function
of current density, temperature, and the residual stress of the
wire due to thermal and other effects as well as other wire
geometry and material parameters. The approximate value of
void nucleation time (t,yc) is determined as the instant in time
when stress at the cathode end of the line reaches o.,i;, which
corresponds well to an analytical formulation of #,, derived
from the approximate solution of continuity equations for
evolution of vacancy and plated atom concentrations (see [20])
in the confined 1-D line

Q eZpl .
Ihue ~ T*e%eiﬁ((meﬁfj&j)
eZplj
x In 40 (1)

eZpl .
ORes + %J — OCR

where * = (1%/D0)eE2/*T (kT /QB). Here, j is the current
density, T is temperatures, kp is the Boltzmann’s constant, / is
the segment length, Ey and Ep are the activation energies
of vacancy formation and diffusion, f is the ratio of volumes
occupied by vacancy and lattice atom, o is the critical stress
needed for the failure precursor nucleation (void/hillock), and
ORes 1S the residual stress of the metal segment from the
cooling process and other factors.

The second phase is the void size growth: voids are formed
at thye and grow at ¢ > fyyc. The wire resistance starts to
increase over the time in the growth phase. Since the drift
velocity of the void edge relates to atomic flux as 9 = Qj [21],
we can express it as ¢ = (D, /kpT)eZpj. Kinetics of the line
resistance change can be approximately described as

(11 .
AF(t) = 9t = tnac) [% (ﬁ + W) - ﬁfw] @)

Here, pr, and pc, are the resistivity of the barrier mater-
ial (Ta/TaN) and copper, W is the linewidth, H is the copper
thickness, and &7, is the barrier layer thickness. As a result,
the p/g network becomes a time-varying network and its
voltage drops will keep changing over the time [18].

1) EM Assessment at Power Grid Level: Because of the
concern with the long-term average effects of the current,
in EM related work, such as [22], a dc model of the power
grid is generally assumed. At the chip level, EM failure
typically is defined not by the failure of a single wire, but
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Fig. 1. Voltage of the first failed node in different simulation time.

by the voltage drop of a power grid network as power grid
network is most vulnerable to EM failures. In our problem
formulation, each mortal wire, which is subject to the EM
effect, will start to change its resistance value upon achieving
the nucleation time. Finally, we end up with the power grid
systems, which is linear, time-varying, and driven by the dc
effective currents, which is modeled as G (t)v(t) = I.fr, where
G(t) is a n x n time-varying conductance matrix, e is the
effective dc current source vector, v(t) is the corresponding
vector of nodal voltages, and r is the size of unknown voltages.
Because EM is a long term effect, the time scale used in this
paper is measured in months or years. In the EM-induced
reliability analysis at a power/ground level, the voltage drops
of the grid can be computed at the fixed time step for each
core. Specifically, the resistance of one or more wires begins
to increase after the nucleation time defined in (1) and then the
resistance of a wire will start to increase based on (2). At each
time step, we collect new wires whose nucleation times were
reached and compute the new resistance for existing wires in
the growth phase and the corresponding voltage drops of the
whole grid. This process is repeated until the voltage drop of
one or more nodes exceeds the critical voltage drops allowed
(defined as 10% of Vpp) [23].

Fig. 1 shows one example in which the voltage of one node
in a p/g network varies time after the creation of the first void
in the network and its value can be tracked [23].

In the new EM-induced reliability analysis algorithm for p/g
networks, we compute the voltage drops of the grids at fixed
EM time step. The resistance of one or more wires begins to
change (increase) starting with their nucleation times. At each
time step, we collect new wires whose nucleation times were
reached and compute the new resistance for existing wires
in the growth phases and corresponding voltage drops of the
whole grids. This process is repeated until the voltage drop of
one or more nodes exceeds the critical voltage drops allowed
(defined as 10% of Vpp). In our dark silicon problem, we use
the same mesh-structured p/g network for all the cores.

2) System-Level EM Reliability Model: At the system-level
EM reliability, the manycore system will run on different tasks
under different p-states.

Let us assume that we have a set of different time intervals
Apy characterized by different workloads or p-state in terms of
current density jx and temperature T} for a processor or a core.
It means that P = > ;_, Apy is the total execution time. Each
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kth workload, if it lasts till imaginary failure provides time to
failure T T Fy. Thus, the failure rate at the kth workload, which
lasts Apy is Ax = 1/TT Fy. Then the average failure rate for
the considered set of workloads is

favg = Z ; —Z%Ak 3)
k=1

As a result, the expected time to failure (TTF) or average
lifetime of the whole processor, TTF is [24]

1 1
MTTF = — = (4)

Fave (i, (Apesrrte)) /P

where MTTF, « is the actual Mean TTF (MTTF) under the kth
power and temperature settings for Apy period, assuming the
chip works through » different power and temperature settings
and P = Y ;_, Api. Each MTTFg ; will be computed based
on the EM models discussed in Section I.

To consider a system-level EM reliability on a manycore
dark silicon processor, we use the shortest lifetime among all
the cores as the lifetime for all manycore processors [25].
We want to stress that the proposed techniques are orthogonal
to other long-term reliability effects (such as NBTI, HCI,
and TDDB for devices and stress and thermal migration for
interconnects). The proposed techniques are orthogonal to
other long-term reliability managements as those long-term
reliability effects generally behave similarly or in a similar
trend under their stressing conditions in terms of voltage,
current, and temperature [15]. Specifically, the power and
temperature typically have the same impacts on the NBTI,
HCI, and TDDB as those failure effects follow the Arrhenius
equation for the relationship between the failure rate and
temperature (which is a function of powers or energy) [26],
as a result, those long-term reliability effects will become
worse when temperature increases. As a result, DVFS-based
optimization will lead to similar tradeoff between long-term
reliability and soft errors.

pj

B. Soft-Error Reliability Model Considering DVFS Impacts

Soft errors, or single event upset (SEU), are defined as the
transient faults inside the logic or memory on a chip, and
result in an incorrect system output. The soft errors can be
caused by cosmic radiation, alpha particle decay, and thermal
neutrons. SER is the rate in which a chip or system encounters
soft errors and typically can be expressed as the number of
failures in the given time. Although there is still a lack of
consensus on the exact SER of specific chips and systems,
it is obvious that the SER per chip is practically increasing
due to the increasing number of components or cores on a
chip. Recently it has been reported that the DVFS method
used for energy saving, negatively affects the system reliability
because the transient fault rate increases and the critical charge
decreases by lowering the voltage and frequency. As a result,
new exponential soft error models have been introduced to
account for those effects [27], [28].

For our problem, we employ an existing exponential model
considering DVFS effects on SER, which assumes that the
radiation-induced failure follows a Poisson distribution, so the
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average SER can be expressed as terms of operating fre-
quency f and supply voltage Vg4, where SERy is the average
failure rate at the maximum frequency fiax and voltage Viax,
(80, fmin < f < fmax » Vmin <V < Vmax) in (5) [27]
SER(f, Vaq) = SERoe(ffEifax fmfui) 5)
where d is an architecture dependent constant, which is the
sensitivity of failure rate with DVFS. We also employ the
previous work to model the relationship between operating
frequency and supply voltage to further simplify (5) from [29]
2
7 :ﬁ(Vdd Vin) ©)
Vad
where S is a technology-related constant and Vi, is the
threshold voltage. By substituting (6) into (5), DVFS-aware
SER equation can be derived as the function of only supply
voltage Vyq only [28]

VZ
d(fmax*/}Vdd*ZVerTz)
fmax*fmin . (7)

SER(V44) = SERge

1) System-Level Soft Error Model for Dark Silicon Many-
core Processor: To estimate system-level soft error reliability,
SOFR with architecture vulnerability factor (AVF) method has
been widely accepted in the semiconductor industry [30], [31]
for combining SERs from each core to estimate whole system-
level soft error. The AVF is used to express the probability that
a visible soft error will occur with a given raw error event in
a core [32]. The previous study shows that the SOFR model
can be used to show the whole system SER (SERgys) [31]

m
SERys = SOFR = > AVF; x SER; (Vaq) (8)
i=0
where m is the total number of cores in a processor, SER; (Vgq)
is the SER for given voltage setting (V4q), and AVF; is AVF
for ith core.

C. Impact of Process Technology on Soft-Error
Reliability Model

In the past, soft errors in microprocessor logic have not
been greatly concerned as the number of flops/latches in a
microprocessor is much fewer than the number of SRAM cells
and microprocessor SEU rates were lower than SRAM SEU
rates. After 90-nm technology, however, microprocessor SEU
rates are larger than SRAM SEU rates because flop protection
mechanisms (machine encoding and invariant checking) are
more difficult to implement than simple memory protection
mechanisms (parity, error correction code) [33]. Thus, the SEU
in microprocessor will be the dominant factor to system SER
as technology scales to a smaller feature size. Table I shows
that the normalized SEU rate in microprocessor reported from
the real silicon data [34]. As technology scales to a smaller
feature size, SEU rates keep increasing for different technolo-
gies. To assess technology scaling impacts, we used different
raw SER values and other parameters [different threshold
voltage (Vi) and supply voltage (Vgq)] in (7) based on the
experimental data from [34] and [35]. The technology scaling
impact on our proposed DRM method will be discussed in
Section IV-D.



KIM et al.: ENERGY AND LIFETIME OPTIMIZATIONS FOR DARK SILICON MANYCORE MICROPROCESSOR

TABLE I

RAW SEU RATE PER MICROPROCESSOR ON
DIFFERENT TECHNOLOGIES [34]

Technology ~ Normalized SEU rate
per microprocessor
(over 45nm)
45nm 1X
32nm 1.38X
22nm 1.59X

III. NEwW DYNAMIC LIFETIME AND ENERGY
OPTIMIZATION METHODS FOR DARK SILICON

In this section, we formulate our DRM problem as max-
imizing the (EM-induced) lifetime of dark silicon manycore
processors by controlling the number of active cores and the
suitable performance state (p-state) subject to the performance
and temperature constraints.

To improve EM-induced lifetime, we first present the
Q-learning-based solution to this problem. Then we reformu-
late the same problem as MILP problem. Moreover, for energy
saving, we reformulate our DRM problem with a Q-learning
method as the minimizing energy consumption considering
EM-induced lifetime and soft-error-induced lifetime of dark
silicon manycore processors by controlling number of active
cores and the suitable p-state subject to the performance and
temperature constraints.

A. Q-Learning-Based Formulation and Solution for
Lifetime and Energy Optimizations

1) State and Action Determination: Q-learning [36] , a rein-
forcement learning method, performs the control by maximiz-
ing expected long-term rewards [37]. Q-learning can handle
problems with stochastic transition without any adaptation,
and is a method to be able to converge close to the optimal
solution of a state-action function for an arbitrary policy [38].
In our problem, the state (s) consists of the configurations
of DVFS and active status (power ON/OFF) for each core.
DVES uses p-state that can represent operating voltage and
frequency. Action (a) is defined as a state transition from
one state to the another state. An action updates the learning
agent’s Q-value with the reward/penalty calculation in the
Q-table, also known as the state-action table. Transiting an
action in a state makes the agent with a reward (negative
penalty) scoring that is calculated with the quantity of state-
action combination (Q). Q can be defined as a set of states (.5)
and a set of action (A) table, S x A, which is Q-table. Q-table
can be updated by a Q-value function, which is a long-term
penalty function with state and action.

Fig. 2 shows the proposed learning-based (Q-learning)
reliability-aware lifetime/energy optimization framework (both
lifetime and energy optimizations use Q-learning method). The
framework consists of an environment containing the dark
silicon manycore microprocessor, and the learning agent that
is the Q-learning algorithm. The learning agent obtains the
environment state, calculates the penalty function, and finally
decides the next action.

Table II illustrates an example of state, p-state, and active-
core for small 3-core dark silicon chip. In p-state, 1 is low
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TABLE 11
EXAMPLE OF CONTROL STATES FOR A 3-CORE PROCESSOR
State | p-state | active-core | State | p-state | active-core |
0 0,0,1 off,off,on 1 0,0,2 off,off,on
2 0,1,1 off,on,on 3 0,1,2 off,on,on
4 0,2,2 off,on,on 5 1,1,1 on,on,on
6 1,1,2 on,on,on 7 1,2,2 on,on,on
8 22,2 on,on,on
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Fig. 2. Q-Learning model with reliability-aware dark silicon framework.

power mode, 2 is full power mode, and 0 means the core
is turned OFF. Clearly, state O is the state with a minimum
number of active cores, which are in the lowest power modes
and state 8 is the state with a maximum number of active core,
which are in the highest power modes.

2) Q-Value Function and Q-Learning Process: In the
Q-learning process, one critical issue is to define the
Q-value function with penalty term (PT). Specifically, let us
formally define state i: s; = {PS;, CS;). PS; is the set of
p-state DVFS statuses for all the cores. CS; is the set of
core status for all cores. Each state s; will determine the total
power of the whole chip Power (s;), worse case performances
of all cores Perfpax(s;), the maximum temperature incurred
Temp,,,,, (5i), total core energy consumption in the whole chip
Es;), and the minimum lifetime among cores EMmuin(s;),
which is defined as the EM-induced lifetime of the chip.
SERpin(S;) is defined as system-level SER (SERgys) of the
chip. The total core energy consumption can be obtained from
>« Ex(si), which is kth core’s core energy, each core’s energy
can be calculated by Powery (s;) X Per fx (s;) where Powery (s;)
is average kth core’s power, and Per fi(s;) is each kth core’s
performance. An action a; j, can be viewed as the transition
from state i to state j. Then, the penalty function Q determines
a penalty and a new state that is related to the previous state
and selected action. Q-value is updated at every step At

0" (s(0), a(r))
= Q' (s(1), a(1))
+a() x (PT@E+1)+ ymain(VQt(s(t + 1), a)))

—a(r) x Q'(s(t), a(t)) )



2566

where o(¢) is learning rate between 0 and 1, which determines
how much newly calculated Q-value will be applied. For
instance, for a is 0, the agent is not learning anything, or for 1,
the agent is always considering the most recent state-action.
In practice, the constant learning rate is used (a(t)) = 0.1, Vr)
as the algorithm needs to converge, so it requires a learning
rate close to zero [37]. s(t + 1) is determined by action a(¢),
so Q' (s(t+1), a) are all possible actions’ Q-values from future
state. So the discount factor y (between O and 1) affects the
importance of future penalty. A small discount factor gives
more penalties in the near future penalty, and high discount
factor accounts more for the far future penalty. This parameter
needs to be tuned experimentally. min(VQ!s(t + 1), a) can
be viewed as the estimate of the optimal future value. The
difference between old Q-value (Q') and learned value (PT(z+
1)+ ymin(VQ' (s(t + 1), a))) updates the new Q-value (Q'*!)
with the? learning rate.

The (PT(z+ 1)) in (9) at # + 1 time, is the penalty obtained
after performing action a(¢) in state s(¢) on the dark silicon
manycore processor. In our problem, we have three main
constraints: total core power, performance deadline of all the
tasks, and temperature upper limit. EM-induced lifetime is
what we want to maximize. As a result, we define the penalty
function PT in [11] and [8] to consider multiple constraints.

We can build a PT as shown in (10) for each
EM-induced and energy optimizations. PTg is a PT for total
core energy, PTgm is a PT for EM-induced lifetime, PTsgr
is a PT for system-level SER, PTpower for power, PTiemp
for temperature, and PTpes for performance deadline of all
tasks. Each PT, is normalized in (10). We use the feature
scaling method to bring all values between O and 1. For
instance, PTp = (E(t + 1) — E(t)/ EMax — Emin) for energy
related penalty, where E(¢) is the total energy consumption
in the previous time ¢ and E(t + 1), is energy of the
system at current t + 1. For the EM lifetime, PTgm =
(MTTF(t) — MTTF(t 4+ 1)/MTTFyax — MTTFyin) for EM
related penalty where MTTF(¢) is the MTTF of the system
for EM induced in the previous time t and MTTF(z +1) is the
MTTF of system at current ¢ + 1. Similarly, for the soft errors,
PTsgr = (SER(z + 1) — SER(?)/SERMax — SERMip) for soft
error related penalty where SER(7) is the SER of the system
in the previous time ¢ and SER(¢ + 1) is the SER of system
at current 7 + 1. Energy and EM terms can be interchangable,
so both energy and life optimizations can be achieved with
similar PT as seen in (10)

2

PT =PTg+C
x={EM,SER,power,temp,perf}
for energy optimization

PT = PTgm + C
x={E ,power,temp,perf}

for EM-induced lifetime optimization

5, PT,

0, PTy

0 if PT, <B A
o= T = B A (10)
1 if PTy, > By + Ay
where J, is a binary function to active (dy = 1) or inac-

tive (0 = 0) of user defined or given constraint bounds,
Bpower, Bperf, and Biemp in the PT. They are also normalized
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power, performance, and temperature bounds, respectively.
Each A, is the difference between each bound and average
penalty (PT) for power, performance, and temperature. A, is
negative if the system violates the given constraint, otherwise,
it is positive and the system is bounded and performs well.
Therefore, if the system violated the user constraints in the
past, then the penalty can be quite significant [due to large
value for constant C in (10)].

Our learning-based lifetime/energy optimization algorithm
steps can be explained as follows: the input is an initial state
set for each core with p-state and core status and output is the
selected p-state and core states. First, all the Q-values in the
Q-table are initialized to zero. The current state, denoted
as s(¢), finds an action a(¢f) with the lowest Q' in (9)
and switches to next state with corresponding p-states and
active cores. For every step, EM lifetime, SER, performance,
temperature, and power are evaluated, and thus, the whole
environment can be updated. Then, it calculates the new
corresponding penalty PT(t 4+ 1) in (10) and Q'*! can be
updated (learning process). After the update, the current state
is discarded in exchange for a new action and subsequent
iterations yield more updates with new states. Finally, when all
the Q-values changes are less than a certain threshold, the best
policy will be chosen.

B. MILP-Based Formulation and Solution for
Lifetime Optimization

The second approach for lifetime optimization that we apply
is the MILP method. MILP formulation of the performed con-
strained lifetime optimization method is more straightforward
than the Q-learning-based method. MILP also delivers better
results than Q-learning-based method as shown in this paper.
However, in general, MILP has higher computation costs than
the Q-learning method. Also, MILP solver is very heavier,
so it is not suitable for online management method. Hence,
we can use MILP solution to measure the solution quality of
the Q-learning-based method.

We know that the MTTF of a core (or lifetime) stressed
by different periods with different temperature can be approx-
imated by formula (4). For the manycore processor, we assume
that the MTTF of the overall chip is determined by the
minimum MTTF of all cores [25]. Let us define the lifetime of
a core k for a given state s; as L(k, s;), which will be built as a
look-up first. Then, the lifetime optimization problem for dark
silicon manycore processor can be formulated as the following
MILP problem:

ml_ax mkin Zilzk:bick L(k, s;)
sLVio: D bi=1, Yk =1
i k

ZPowerk < Bpower
k

Tempmax = Btemp, Perfax < Bperf

(1)

where Power; is kth normalized core power, Temp,,, is
maximum normalized temperature among cores, and Perfpax
is maximum normalized performance deadlines among cores
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(or all the tasks). Bconst, Bconsts and Beonst are normalized
performance, temperature, and power bounds allowed. Note
that a selection for a chip lifetime can be denoted by a Boolean
variable by, which equals to 1 if the kth core’s lifetime is
selected and 0 otherwise. Similarly, a state selection for a core
is also denoted by a Boolean variable c;, which equals to 1 if
state s; is selected for the chip and O otherwise.

C. Implementation of the Dark Silicon Evaluation Platform

To evaluate the proposed DRM algorithms, we implement
a simulation-based platform for dark silicon processor. The
platform is shown in Fig. 2. We first describe the major com-
ponent models of the framework such as microarchitecture,
power estimation, and thermal and reliability models. Our pro-
posed framework uses Sniper as an microarchitecture model,
which is an accurate and fast application-level interval-based
microarchitecture simulation [39]. The interval simulation is
a recently proposed multi/manycore simulation framework
at a higher level of abstraction, which is faster than cycle-
accurate full-system simulation. The interval simulation uses
mechanistic analytical model, which is constructed from the
mechanism of a superscalar processor core. The cycle-accurate
full-system simulator, such as gem5 (full-system mode) [40],
GEMS [41], MARSSx86 [42], and SimFlex [43] can run
both application and operating system (OS). These frameworks
have the merit of having an accurate evaluation of I/O activities
and OS extensive kernel function. However, these full-time
simulations are extremely slow and not very suitable for our
framework because they rely on the existing OS systems,
which currently do not support manycore and dark silicon
architectures in their simulators [44]. Thus, to support dark
silicon and may-core processor, we choose application-level
Sniper simulator. This Sniper interval-based model is accu-
rately matching well with the Intel x86 multicore architec-
ture [39]. PARSEC [45] and SPLASH-2 [46] benchmarks
are used for our platform workloads. PARSEC benchmark is
recently released multithreaded benchmarks, which provide an
up-to-date collection of modern workloads for multi/manycore
systems, and SPLASH-2 has been used many multi/manycore
research for a long time. We use both workloads to evaluate
our proposed framework and algorithm in Section IV.

For the power estimation, we use McPAT (multicore power,
area, and timing), which is a recently proposed full inte-
gration modeling framework. McPAT can provide dynamic
and static, even short-circuit power dissipation, and provides
multithreaded and multicore processor models. For the thermal
model, we use HotSpot to accurately characterize the thermal
traces from the given multithreaded task run in each core [47].
To enable the dark silicon feature, the floor plan and power
trace are dynamically controlled by the dark silicon DRM
module in Fig. 2

As shown in Fig. 2, once the cycles per instruction stacks
and power/energy traces are achieved in the microarchitecture
model with the power model, the thermal model can generate
thermal traces for a given task run. With each core’s power
trace, thermal trace, core voltage, core frequency, and active
cores, we can perform EM and soft-error reliability effects
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analysis and the system-level assessment for microprocessor
lifetime-based on the reliability models.

We remark that the soft error affects the short term hardware
functionality and it has a different way to impact the reliability
of the circuits than the long-term reliability. However, both
effects hurt the reliability of a chip, and we think it is necessary
to consider both as the power/energy and performance have
contradicting impacts on them. The tradeoff has to be found
among the robustness, costs, and performance of the many-
core processor systems to mitigate the both soft and hard
reliability effects.

In our formulation, both soft errors and EM-induced relia-
bility are modeled in terms of system SER and MTTE, respec-
tively, and parameterized by the chip and system parameters
such as Vpp/frequency, temperature, p-state, and so on. As
shown in (9) and (10), the SER and MTTF will contribute the
constraints of the optimization in terms of PTs.

As seen in Fig. 2, our framework implemented two relia-
bility models, such as EM [18] for long-term reliability and
DVFS-aware soft-error effects [27], [28], [31] for short-term
reliability. Each reliability has been assessed for DRM module
to provide constraints in our Q-learning.

We also stress that DVFS and task scheduling may not be
the most effective way to mitigate the soft errors, and other
techniques are required when the soft errors are high due to
the conflicting requirement from hard reliability.

D. Time Complexity Analysis

It has been proven that MILP problems are NP-hard.
Though branch and bound techniques can be used to solve
the problem, the time complexity is not easy to analyze as we
use commercial CPLEX as the solver. For the Q-learning, each
value iteration can be performed in O(|A||S|?) steps, or faster
if there is sparsity in the transition function (where A is a
number of actions and § is a number of states). In practice,
policy iteration converges in fewer iterations than value
iteration, and there is no known tight worst case bound
available [48]. As a result, we report the running CPU times of
Q-learning and MILP in our experiments with more p-states
in Table III in Section IV to compare the time complexities of
the two methods. We further remark that it is rather difficult
to fairly compare CPU times for these two optimization
methods as the Q-learning was running on Python, whereas
the MILP was running on commercial CPLEX optimizer.
We only measure solving overhead time for Q-learning and
MILP. Nevertheless, the numerical results still show that MILP
has much higher computation cost than the Q-learning method.

E. Practical Application of the Proposed
DRM With Reliability Models

Currently, it is very hard to build on-chip EM sensor to
directly measure time to EM failure of a core for its current
temperature and power consumption (although we have made
some early efforts on on-chip EM sensors recently [49]). But
at the full chip level, as far as power grid is concerned,
EM can be measured by the voltage drops in power grids as
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we discussed in Section II. In our many-core dark silicon sim-
ulation framework, the EM-induced TTF assessment technique
at circuit level discussed in this paper (which was proposed
in [18] and [23]) was used for each core.

For practical application of proposed reliability management
method for a real chip, such EM and SER assessment tech-
niques need to know the details of the power grid networks and
power consumptions of gates or function modules for some
real workloads. As a result, it can be built when the chip
was designed and then power grid voltage drop sensors (for
EM measurement) or lookup table/other behavior models can
be constructed for TTF as the function of temperature and
power inputs, which can be measured or estimated accurately.
The accuracy of the reliability assessments with respect to
the real silicon data needs to be calibrated in the accelerated
testing conditions for real chip under practical workloads,
which will go beyond the scope of this paper and can be
future research. We further stress that the on-chip temperature
and the powers, which actually can be measured or accurately
predicted. For instance, Intel’s multicore CPU has the one
thermal sensor per core [50]. The power or functional block
of the cores can be measured or estimated accurately using
the performance counters [51]. Then, our models proposed in
this paper can be applied to core-level reliability management.

We notice that the learning-based DVFS managements
have been used before to deal with difficulty of controlling
the dynamics of the multi/manycore processors [52], [53].
Recently, reinforcement learning has been successfully
applied for DVFS management of multi/many-core sys-
tems [7], [9], [54]. These approaches employ a simple type
of reinforcement learning (Q-learning) because this method
has a relatively low overhead in terms of execution time and
memory foot print. In this paper, we assume the similar light
scheduling overheads or time costs by the Q-learning methods.
We have added the execution time for the proposed Q-learning
method in Section IV-E.

Furthermore, as the state space of many-core systems
become large, we can explore overhead-aware scheduling
method [54], the discrete lookup table method [55], [56], or
pretraining-based method [7] during the Q-learning to avoid
expensive Q-value updating operations. In this paper, we use
lookup table-based method.

IV. NUMERICAL RESULT AND DISCUSSIONS
A. Experimental Setup

The proposed new energy optimization algorithm in the dark
silicon framework has been implemented in Python 2.7.9 with
the numerical libraries (Numpy 1.9.2 and Scipy 0.15.1). For
dark silicon framework, we modified the architectural simula-
tor (Sniper 6.1), power estimator (McPAT 1.0.32), and thermal
simulator (HotSpot 5.02 [47]) to estimate EM-induced lifetime
and system-level SER on top of the new physics-based EM
model [18] and DVFS-aware soft error model [27], [28], [31].
In the proposed framework as shown in Fig 2, each simulator
module is connected with a plugin connector, so that one
simulator’s result can dynamically feed the other’s inputs. The
learning agent and Q-learning method have been implemented
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Fig. 3. Lifetime improvements given power budget and performance deadline
on 64-core dark silicon chip. (a) PARSEC small task set. (b) SPLASH-2 large
task set.

in Python 2.7.9 with extensive solutions from Python Numpy
Extension.

Our energy optimization method is validated with a 64-core
processor on the PARSEC and SPLASH-2 multithreaded
benchmarks. A small number of tasks with PARSEC
(1 BLACKSCHOLES, 1 CANNEAL, 1 FREQMINE, and
1 VIPS), and for a large number of tasks with SPLASH-2
(16 CHOLESKYs, 16 RADIXs, 16 RAYTRACEs, and
16 VOLRENDSs) are used with the same 64 threads.

We chose two p-states with the clustered DVFS [57], which
have been employed to reduce the simulation time with small
solution quality degradation due to the large number of cores
in our experiment. To show that our method can find the lowest
possible energy optimization, we compare our results with the
global DVFS method, in which all active cores have the same
p-state.

The full power mode (2.0 GHz, 1.2 V) and the low
power mode (1.0 GHz, 0.9 V) have been set for our frame-
work. For the soft error model, we use system-level SERs,
the architecture constant (f = 1.5 x 10!0 and d = 2), AVF
(a constant = (.5) for each core, and the threshold volt-
age (Vin = 0.9) have been obtained from [31] and Enhanced
Intel Speedstep Technology [58] with 45-nm technology.

B. Evaluation of the Proposed Q-Learning
Lifetime Optimization Method

First, we evaluate our learning-based DRM method (see
Section III) by showing lifetime improvements with different
sets of power budgets and performance deadline. Fig. 3
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shows the lifetime improvements given power budget and
performance deadline for a small and large task set on 64-core
dark silicon chip. As we can see in Fig. 3(a), for the small task
set case, our method finds relatively high lifetime improve-
ment (87.9 years) as the task loads are small and more cores
can be in low power mode or turned OFF (dark silicon) with
the given power budget and performance deadline. In small
performance deadline (42 ms), there is still chance to improve
lifetime (11.2 years) in the high power budgets (200-350 W).
However, for the large task set case, lifetime improvement
will be limited as shown in Fig. 3(b). The highest lifetime
improvement is 28 years with highest power budget, and there
are still 10.5 years lifetime improvement in the middle range
of power budget and performance deadline (40-80 ms). This
indicates that significant improvement can be made for both
small and large tasks with a given and power budget and
performance deadline.

Figs. 4 and 5 show the power consumptions and perfor-
mances from our proposed DRM method, and it indicates all
the results can meet the given power budgets and performance
deadline. Furthermore, no violations were found in either small
or large task set results.

Fig. 6. Postvalidation with MILP for Q-learning accuracy. (a) 4 heavy task
PARSEC workloads. (b) 64 light tasks SPLASH-2 workloads.

C. Accuracy and Convergence Rate of Proposed
Q-Learning DRM Method

Now, we show some results from our second method
for lifetime optimization method, MILP solver. To see the
accuracy, we use MILP formulation (11) with the given solver,
which is limited to postvalidation as MILP method is very
expensive to solve for large-scale problem. Nevertheless, it can
be used to show the quality of the solution obtained from the
learning-based DRM method.

A comparison of the Q-learning DRM method and the MILP
method show lifetime improvement for both small and large
cases with results shown in Fig. 6. MILP method can deliver
better results but with higher computational costs for large
scale optimization. To see the accuracy comparison, 100 iter-
ative tests are carried out for each case. For small and large
cases in Fig. 6, our proposed Q-learning DRM method can
achieve relatively high accuracy, 95% and 94%, respectively.
It also shows that system violation can be effectively prevented
by our proposed penalty function (10).

D. Hard and Soft Errors in Dark Silicon Manycore Processor

For the both reliability effects, we show the different
impacts that power consumption has on both EM and soft
error related reliability effects. We try to observe two reliability
effects (EM-induced lifetime and system-level SER) on the
64-core dark silicon manycore processor with the different
task sets. Fig. 7 shows how two failure rates (1/MTTFgm
and SERys) change over power determined by different DVFS
settings when 12 cores are turned on with a 64 thread
multithreaded benchmarks. As we can see, for long-term hard
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Fig. 8. Impact of different process technologies on system-level SER, from
left bar, case A) Global DVFS, case B) our proposed DRM with only EM
constraint, our proposed DRMs with both EM and SER constraints of case C)
45 nm, case D) 32 nm, and case E) 22 nm.

reliability (EM effect), high power leads to short lifetime.
However, for short-term/transient soft errors, low power will
lead to much worse reliability issues. As a result, the system
level optimization subject to both reliability constraints is
no longer simple tradeoff between performance/power versus
reliability effects.

Fig. 8 shows that our DRM method in the different process
technologies can affect to our soft error reliability model.
Also, as we discussed in Section II-C, technology scaling can
be impacted on SER and its constraint. Smaller technology
has higher SER. As we can see in Fig. 8, with smaller
technology nodes, our DRM method under loose EM (5 years)
and loose SER (0.6) constraints finds less energy saving as
smaller technology can affect higher SER for 32- and 22-nm
cases (case D and E) than 45-nm cases (case C). However,
our method still can find better energy saving point.

E. Evaluation of Proposed Q-Learning-Based
Energy Optimization Method

To evaluate the proposed Q-learning-based energy opti-
mization method in Section III, we show the total energy
consumption with the different sets of EM-induced lifetime
constraint, system-level SER constraint, power budgets, and
performance deadlines. Energy optimization results for a small
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Fig. 9.  Energy optimization results [Global DVFS, proposed with EM,
and with/without tight and loose soft-error constraint from small task set on
PARSEC benchmarks (different performance deadlines in (a) and (b)].

task set and a large task set cases are shown in Figs. 9 and 10,
respectively. Each figure includes two groups with loose and
tight EM, where the left four bars are loose EM constraints
and the right four bars are tight EM constraints. In each group,
the third bar is tight soft error constraints and the fourth bar is
loose soft error constraints. As we can see, if we consider
only EM constraints for the different EM lifetimes, power
budgets, and performance deadlines for small task set case, the
proposed method finds relatively high energy saving with both
large and small performance deadlines [see Fig. 9(a) and (b)]
than the global DVFS method because more cores can be
in low power mode or turned OFF (dark silicon constraint)
with the given power budgets and performance deadlines.
When the loose soft error constraint is further considered
(SERgys = 0.6), our proposed method can still find good
energy savings (similar or slightly higher than the method
considering only EM constraint as shown in Figs. 9 and 10).

However, for the tight soft error constraint (SERgys = 0.15)
with tight EM constraint cases, our method violates the given
EM constraints because soft errors and EM constraints have a
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Fig. 10.  Energy optimization results [Global DVES, proposed with EM,
and with/without tight and loose soft-error constraint from large task set on
SPLASH-2 benchmarks (different power budgets in (a) and (b)].

contradictory relationship as seen in Fig. 7. For the large task
set case in Fig. 10, more violations and less energy savings
are observed. Those violations are caused by the higher task
utilization of active cores, tight EM lifetime constraints, and
power budget. However, our method can still find relatively
good energy savings with the loose soft error constraints and
tight EM constraints even at the large task sets. Thus, with
exception to the violation cases (where both EM and soft error
constraints are tight), our proposed method can find decent
energy savings satisfying both EM and soft errors reliability
constraints.

In Fig. 11, we further show the EM (a) and soft error (b)
constrain violation cases under different EM and soft error
constraints and power constraints (case 1-4 for small task
sets, 5-8 for large task sets). In all cases 1-8, the soft error
constraints are all tight. For cases 2, 4, and 8, the EM
constraints are tight. First, as we can see, both EMs and
soft errors are violated in cases 6 and 8 due to the tight
soft error constraint with large task sets. For cases 2 and 4,
only EMs are violated due to both tight EM and soft error
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constraints with small task sets. More interesting is in case 5
where EM is violated even the EM constraint is not tight. The
reason is that we have very small power budget (tight power
constraint). For case 7, which is large case, the soft error is
very tight. As a result, soft error constraint is still violated
even with large power budget. Therefore, as we can see, for
energy-efficient computing on many-core systems with power
constraints (dark silicon), and competing hard and soft error
constraints, the results are no longer simple tradeoff among
different factors, and instead, depend on those factors in a
complicated way. In other words, under tightened power and
performance constraints, we cannot satisfy both hard and soft
errors at the same time and some other soft-error mitigation
techniques become necessary in this case.

The proposed Q-learning method converges around 8% of
explorations out of all possible state-action solution space as
shown in Fig. 12. It also shows that system violation can be
effectively prevented by our proposed penalty function (10).

To show the scalability of our proposed algorithm, we have
added one more p-state on 64-core dark silicon chip with
64 tasks SPLASH-2 multithreaded benchmark. The full power
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TABLE III

ELAPSED CPU TIME TO SOLVE THE PROPOSED Q-LEARNING
AND MILP PROBLEMS

64 tasks in 64-core dark silicon  Q-learning  MILP
(total states) time (s)

Case 1 - 2 p-states (150 states) 0.172 s 9.1s
Case 2 - 3 p-states (192 states) 0.183 s 88.08 s

TABLE IV

LARGE-SCALE EXPERIMENTS WITH FIVE P-STATE ON
128-CORE AND 256-CORE

# of core with 64 tasks Q-learning
with 5 p-states (total states) time (s)
Case 3 - 128-core (775 states) 0.699 s
Case 4 - 256-core (7160 states)  7.02 s

mode (2.0 GHz, 1.2 V) and the low power mode (1.0 GHz,
0.9 V), and very low power mode (800 MHz, 0.7 V) have been
set for our framework. We compare two different numbers of
p-states, case 1 has two p-states (full power and low power)
and dark silicon states and case 2 has three p-states (full
power, low power, very low power) and dark silicon states.
Due to very low power mode, we choose relatively loose
constraints (deadline = 12 ms, power budget = 350 W, EM
= 5 years, SER = 0.6). Our proposed algorithm can find
low energy consumption with lower p-state cases. We chose
three p-states with the clustered DVFS [57], which have been
employed to reduce the simulation time with small solution
quality degradation due to a large number of cores in our
experiment, so the case 1 is 150 states and the case 2 is
192 states. The case 2 has 28% more states, but the iteration
requires only 6.58% more steps. Table III shows elapsed CPU
time to solve the proposed Q-learning and MILP problem for
each case.

Q-learning elapsed CPU time was obtained on iPython 5.1.0
with using only single core of Intel Xeon E5 system
(clock 2.3 GHz) platform. Moreover, in order to show more
higher scalability of the proposed algorithm, we increase
p-states to five different ones for two large cases (128-core
and 256-core), and their voltage and frequency (V, f) sets
are (2.0 GHz, 1.2 V), (1.6 GHz, 1.1 V), (1.2 GHz, 1.0 V),
(1.0 GHz, 0.9 V), and (800 MHz, 0.7 V) on 64 tasks
SPLASH-2 multithreaded benchmark. We used 16-core as
one cluster for the clustered DVFS. Also, we use 32-core
as one cluster for dark silicon states in 128-core case and
64-core in 256-core case, which have been employed for a very
large number of cores in our experiment. Table IV shows the
elapsed CPU time results for solving the proposed Q-learning
result and energy savings over global DVFS. 128-core with
5 p-states (case 3) has 775 different states, which is 516%
more states than case 1, but the iteration requires only 406%
more steps. 256-core with 5 p-states (case 4) has 7160 states,
which is 4773% more states than case 1, but only 4081%
more steps are required. Thus, our proposed DRM can be
a scalable solution for a large number of cores and higher
p-states cases since iteration steps and CPU times are close
to increase linearly with respect to the total number of states.
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Both large cases can also find decent energy savings. Due to
extremely high cost of MILP method for large-case (128-core
and 256-core with 5 p-states), the elapsed CPU time of
Q-learning method has only been shown in Table IV.

V. CONCLUSION

In this paper, we proposed a new energy and lifetime
optimization technique for emerging dark silicon manycore
microprocessors considering hard and soft errors. The new
approach was based on a newly proposed physics-based EM
reliability model to predict the EM reliability of full-chip
power grid networks for hard error. DVFS-aware SER model
and the SOFR method are employed for system-level soft-error
model, which has been widely used to estimate microprocessor
level soft errors. We employed both DVFS and dark silicon
core state using ON/OFF pulsing action as the two control
knobs. The impact on DVFS for hard and soft errors was
investigated. We focused on two optimization techniques for
improving lifetime and reducing energy. To optimize lifetime,
we first applied the adaptive Q-learning-based method, which
was suitable for dynamic runtime operation as it was able to
provide cost-effective yet good solutions. The second lifetime
optimization approach was the MILP method, which typically
yields better solutions but at higher computational costs.
To optimize the energy of a dark silicon chip, we applied the
Q-learning reinforcement learning method, which was suitable
for our reliability management for the energy optimization
considering hard and soft errors. Experimental results on a
64-core dark silicon chip showed that proposed methods work
well for performance and lifetime optimizations considering
the both soft and hard reliability constraints.
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