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Abstract—In this article, we propose a new dynamic reliability
management (DRM) technique for emerging dark silicon many-
core processors. We formulate our DRM problem as minimizing
the energy consumption subject to the reliability, performance
and thermal constraints. The new approach is based on a newly
proposed physics-based electromigration (EM) reliability model
to predict the EM reliability of full-chip power grid networks.
We consider thermal design power (TDP) as the power constraint
for a dark silicon manycore processor. We employ both dynamic
voltage and frequency scaling (DVFS) and dark silicon core using
ON/OFF pulsing action as the two control knobs. To solve the
problem, we apply the adaptive Q-learning based method, which
is suitable for runtime operation as it can provide cost-effective
yet good solutions. A large class of multithreaded applications
is used as the benchmark to validate and compare the proposed
dynamic reliability management methods. Experimental results
on a 64-core dark silicon chip show that the proposed DRM
algorithm can effectively reduce the energy consumption of a
dark silicon manycore system when the system is not tightly
constrained. The proposed method can outperform a simple
global DVFS method significantly in this case.

I. INTRODUCTION

Technology scaling has led to the continuous integration of
devices, and future manycore processors will have more cores
integrated. However due to the diminishment of Dennard’s
scaling [1], the power density of chips starts to increase for
current and future technology nodes. The consequence is the
emerging of so-called dark silicon manycore processors as
only a percentage of cores can be powered on the chip due
to the power and temperature limitations. Recently, archi-
tecture researchers have begun focusing on the development
of manycore processors with as many as 100 and 1000-
core dark silicon manycore processors on a single die. Such
manycore systems pose new challenges and opportunities for
power/thermal and reliability management of those chips [2].

Dark silicon needs to perform under the lowest possible
energy consumption as it is limited by the energy available.
Power, performance and temperature limitations are traditional
dominant factors in the chip for energy efficient high perfor-
mance computing. Recently, reliability is becoming a limiting
constraint in high-performance nanometer VLSI chip designs
due to the high failure rates in deep submicron and nanoscale
devices. It is expected that future chips will show signs
of reliability-induced aging much sooner than the previous
generations. Among many reliability effects, electromigration
(EM)-induced reliability has become a major design constraint
due to aggressive transistor scaling and increasing power
density. For dark silicon, the reliability can become worse as

This work is supported in part by NSF grant under No. CCF-1527324,

in part by NSF Grant under No. CCF-1255899, in part by Semiconductor
Research Corporation (SRC) grant under No. 2013-TJ-2417.

978-3-9815370-6-2/DATE16/ (©2016 EDAA

cores will experience more thermal cycles during the on-off
operations. A manycore processor also may operate in the very
low voltage or even near threshold voltage regions which also
hurts the soft-error induced reliability. For the EM effects,
however, dark silicon can provide one more knob (turn on or
off for a core) to increase energy saving with considering the
EM-induced lifetime of the chip, which will be explored in
this work.

Existing studies mainly focus on manycore or dark silicon
architecture such as core organization, topology, optimal num-
ber of cores, and workload management, such as task alloca-
tion, migration, and scheduling [2]-[5]. Most of those existing
works consider on power, temperature, and performance for
energy efficiency and low power system. Recently, reliability-
aware management with dark silicon effect on manycore
scaling have been proposed [6]-[10]. However, all of these
works considered general reliability models, which will not
be accurate for specific failure mechanism.

In this work, we propose a new dynamic reliability manage-
ment (DRM) technique for emerging dark silicon manycore
processors. We formulate our DRM problem as minimizing
the energy consumption subject to the reliability, performance
and thermal constraints. We focus on the electromigration-
induced reliability problem as it is the dominant failure effect
for on-chip interconnects and the proposed techniques are
orthogonal to other reliability effects. The new approach is
based on a newly proposed physics-based electromigration
(EM) reliability model to predict the EM reliability of full-
chip power grid networks.

We consider thermal design power (TDP) as the power
constraint for a dark silicon manycore processor. We employ
both dynamic voltage and frequency scaling (DVFES) and dark
silicon core using ON/OFF pulsing action as the two control
knobs. To solve the proposed energy optimization problem, we
apply the adaptive Q-learning based method, which is suitable
for runtime operation as it can provide cost-effective yet good
solutions. Our implementation framework also consists of
interval core-based microarchitecture model [11], and X86-
based power model. We also apply HotSpot thermal model
for the temperature estimation [12].

A large class of multithreaded applications is used as the
benchmark to validate and compare the proposed dynamic
reliability management methods. Experimental results on a 64-
core dark silicon manycore processor show that the proposed
DRM algorithm can effectively reduce the energy consumption
of dark silicons under the given less constrained lifetime,
power budget and performance constraints. The proposed
method can outperform a simple global DVFS method sig-
nificantly in this case as well.

463



II. NEW PHYSICS-BASED EM MODELING AND ANALYSIS

EM is a 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 the 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.

Currently EM effects are mainly modeled by empirical
Black’s equation [13] and Blech limit [14]. The primary
drawbacks of those models are that they are not physics-based,
which means that they lack predictability for varying stressed
conditions and for complicated wire structures. These models
also do not consider the inherent redundancy in power grid
networks, which are the most vulnerable interconnects in a
chip.

To mitigate those problems, a more physics-based compact
EM model has been proposed recently for full-chip reliability
analysis [15], [16], which is the basis for the proposed work.
In this new EM model, 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 (%,,.) is given, which is a function of
current density, temperature, the residual stress of the wire due
to thermal and other effects as well as other wire geometry
and material parameters. Approximate value of void nucleation
time (t,..) 1s determined as an instant in time when stress at
the cathode end of the line reaches o, corresponds well to
an analytical formulation of ¢,,,,. derived from the approximate
solution of continuity equations for the evolution of vacancy
and plated atom concentrations (see, for example [17]) in the
confined 1D line
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where 7 = %eED/kT%. 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 energy 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). o res
is 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 1,4 and grow at t > t,,.. The wire resistance starts to
increase over the time in the growth phase. As a result, the
power/ground (p/g) network becomes a time-varying network,
and its voltage drops will keep changing over the time [15].

~h7 (7Res +<51)

A. EM assessment at power grid level

Because of the concern with the long-term average effects
of the current, in EM related work a DC model of the power
grid is generally assumed [18]. In our problem formulation,
each mortal wire, which subjects to the EM impact, will start
to change its resistance value upon achieving the nucleation
time. As a result, we end up with the power grid systems,
which is a linear, time-varying and driven by the DC effective
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currents, which is modeled as G(t)v(t) = I.rs, where, G(t)
a n x n time-varying conductance matrix; /.y is the effective
DC current source vector; v(t) is the corresponding vector of
nodal voltages and 7 is the nodal size. In our problem, the time
scale is the EM time scale, which can be months or years.

Fig. 1 shows one example in which the voltage of one node
in a p/g network keeps changing with time after creation of
the first void in the network and its value can be tracked.
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Fig. 1. Voltage of the first failed node in different simulation time

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 exceed the critical voltage drops allowed
(say 10% of Vdd). For our dark silicon manycore systems, we
use the same mesh-structured p/g network for all the cores.

B. System level EM-reliability model

At the system level, the manycore system will run on differ-
ent tasks under different p-states. As a result, its temperature
and current densities will change with time. However existing
EM models including the new physics-based model can only
take a constant temperature. The previous study shows that
whole system MTTF, MTTF,,, (expected lifetime) under
different temperature can be approximated by [19]:

1
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where MTTFg is the actual MTTF under the k-th power

and temperature settings for At; period, assuming the chip
works through n different power and temperature settings and
T= EZ:1 Aty,. Each MTTFp, will be computed based on
the EM models discussed in the previous section. To consider
a system-level reliability on a manycore dark silicon processor,
we use the shortest lifetime among all the cores as the lifetime
for all manycore processors [20], [21].

MTTF,y, = @

III. NEW DYNAMIC RELIABILITY MANAGEMENT METHOD
FOR DARK SILICON

In this section, we formulate our new dynamic reliability
management (DRM) problem as minimizing energy consider-
ing a EM-induced lifetime of dark silicon manycore processors
by controlling the number of active cores and the suitable per-
formance state (p-state) subject to power budget, performance
deadline, and temperature constraints.
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A. Q-learning based formulation and solution

1) State and action determination: Q-learning [22], a rein-
forcement learning method, performs the control by maximiz-
ing expected long-term rewards [23]. Q-learning can handle
problems with stochastic transition and it has been proved that
this method is able to converge close to the optimal approxi-
mation of state-action function for arbitrary policy [24]. In our
problem, the state (s) consists of the configurations of DVFS
and active core status (on/off) for each core. DVFS uses per-
formance state (p-state) which can represent operating voltage
and frequency. Action (a) is defined as a state transition from
one state to the another state. 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).
() can be defined as a set of states (S) 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 a long-term penalty function with
state and action.

Fig. 2 shows proposed Q-learning based reliability optimiza-
tion framework. The environment part is dark silicon manycore
processor, another is learning agent, which is Q-learning
algorithm. The learning agent can obtain the environmental
state, calculate penalty function, and finally, decide the next
action.

Table I illustrates an example of state, p-state, and active
core for small 3-core dark silicon chip. In p-state, 1 is low
power mode, 2 is full power mode, and 0 means the core is
turned off. Clearly, state 0 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.

TABLE I
AN 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 11,1 on,on,on
6 1,1,2 on,on,on 7 1,22 on,on,on
8 2,272 on,on,on

[ Dark Silicon Manycore Processor

Ptates, Constraints  Actions Environment

Learning Agent

State Acquisition / . 0
Reward & Penalty /Bd'o.". Sellslct‘l(c_)n f
Computation EciSionE adng

State, [Reward, Penalty Q-Values

Q-Learning
Method

Fig. 2. Q-Learning model with reliability-aware dark silicon framework

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. Specifically, let’s formally de-
fine State i: s, = {PS;,CS;). PS; is the set of p-state
(DVES setting) for all cores. C'S; 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 the cores Per fpqa.(s;), the maximum temperature in-
curred Tempumaz(s;), the minimum lifetime among cores,
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EMpin(s;) defined as the lifetime of the chip, and E(s;)
is total core energy consumption in the whole chip. Total
core energy consumption can be obtained from ), Fj(s;)
which is k-th core’s core energy, each core’s energy can be
calculated by Powery(s;) X Perfi(s;) where Powery(s;)
is average k-th core’s power and Perfy(s;) is each k-th
core’s performance. An action, say a; ;, can be viewed as the
transition from state ¢ to state j. Then the penalty function
(Q determines a penalty and a new state which is related with
the previous state and selected action. New updated @)-value
at every step At can be expressed in an iterative way [23]:

Q" (s(1), a(t)) = Q" (s(t), a(t))+

alt) x (PT(t +1) +ymin(VQ" (s(t + 1),a)) — Q" (s(1), a(t))) @
where «/(t) is learning rate between 0 and 1 which determines
how much newly calculated Q-value will be applied. For
instance, for « 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 («(t)) = 0.1, Vt)
as the algorithm needs to converge, so it requires a learning
rate close to zero [23]. s(¢+1) is determined by action a(t), so
Q'(s(t+1),a) are all possible action’s Q-values from future
state. So the discount factor v (between 0 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 param-
eter 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(t + 1) + ymin(VQ*(s(t + 1),a))) updates the new Q-
a

value (Q'T!) with the learning rate.

The penalty term, (PT'(t + 1)) in (3) at ¢ + 1 time, is the
penalty obtained after performing action a(t) in state s(¢) on
the dark silicon manycore processor. In our problem, we have
four main constraints: EM-induced lifetime, total core power,
performance deadline of all the tasks, and upper temperature
limit. Total core energy consumption is objective that we want
to maximize. As a result, we define the penalty function PT'
in [25] to consider multiple constraints.

We can build a penalty term (PT’) as shown in (4). PTg
is a penalty term for total core energy, PTr)s is a penalty
term for EM-induced lifetime, PT}, oy, for power, PTic,
for temperature, and PT),,; for performance deadline of all
tasks. Each penalty term (P7) is normalized in (4). We use
feature scaling method to bring all values between 0 and 1.
For instance PTp = % for energy related penalty,
where E(t) is the total energy consumption in the previous
time ¢ and E(t + 1) is Energy of the system at current ¢ + 1.

For the EM lifetime, PTpy; = S O=MITEEEL, for gV
related penalty, where MTTF(t) is the MTTF of the system
in the previous time ¢ and MTTF(t+ 1) is the MTTF of the

system at current ¢ + 1.

PT = PTp + C 85 PT;

z={EM,power,temp,perf}

s _{0 if PT, < By, + A, (C]
* =91

if PT, > By + Ay
where J, is a binary function to active (6, = 1) or
inactive (0, = 0) user defined or given constraint bounds,
Brwy, Bpowers Bperf, and Byep,, in the penalty term. They
are also normalized power, performance, temperature bounds
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respectively. Each A, is the difference between each bound
and average penalty (PT) for power, performance, and temper-
ature. A, is positive if the system violates the given constraint,
otherwise, it is negative, and the system is bounded and
performs well. Therefore, if the system has violated the user
constraints in the past, then the penalty can be more highly
weighted (due to large value for constant C' in (4)). With the
given state, action, penalty function, we can update the Q-table
as explained in the Algorithm 1.

Algorithm 1 Learning-based dynamic reliability management
(DRM)

Input: A initial state set for each core (p-state and core status).
Output: The selected p-state and core status (on/off) for each core.

1: Initialize all Q-values in the Q-table to zero.

2: Denote the current state as s(t), Find an action a(t) with the
lowest Q', and switch to next state with the corresponding p-
state and active core.

3: Evaluate and update environment, such as energy, lifetime,
performance, temperature, and power. Then, calculate the cor-
responding new penalty PT'(t + 1) and then update Q'

4: Set the current state as a new action and iterate from Step 2.

5: When all Q-values changes are less than the certain threshold,
then this is considered as the optimal policy chosen.

B. 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. 3. We first describe the major
component models of the framework such as microarchitec-
ture, power estimation, thermal and reliability models. Our
proposed framework uses Sniper as a microarchitecture model,
which is an accurate and fast application-level interval-based
microarchitecture simulation [11]. 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 mechanis-
tic 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) [26], GEMS [27],
MARSSx86 [28] and SimFlex [29] 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 [30]. Thus, to support dark silicon and manycore
processor, we choose application-level Sniper simulator. This
Sniper interval-based model is accurately matching well with
the Intel x86 multi-core architecture [11]. PARSEC [31]
and SPLASH-2 [32] benchmarks are used for our platform
workloads. We use both workloads to evaluate our proposed
framework and algorithm in Section IV.

For the power/energy estimation, we use McPAT (Multicore
Power, Area and Timing), which is a recently proposed full
integration modeling framework. McPAT can provide dynamic
and static, even short-circuit power dissipation and provides
multi-threaded and multi-core processor models. At each step
of performance measurement in Sniper, McPAT can estimate
the power and energy consumption. For the thermal model,
we use HotSpot to accurately characterize the thermal traces
from the given multithreaded task run in each core [33]. To
enable the dark silicon feature, the floor plan, and power trace
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Fig. 3. The evaluation platform for dark silicon and DRM algorithms

are dynamically controlled by the dark silicon DRM module
in Fig. 3

As shown in Fig. 3, once the cycle per instruction (CPI)
stacks and power/energy traces are achieved in the microar-
chitecture model with the power model, the thermal model
can generate thermal traces for given task run. With each
core’s power trace, thermal trace, core voltage, core frequency,
and active cores, we can perform EM reliability analysis
and the system-level assessment for processor lifetime based
on the reliability models. Fig. 4(a) and 4(b) show the re-
sults from the proposed framework, which are the power
traces, thermal measurement, and EM lifetime on a 64-core
dark silicon chip. There are 20-core-enabled at the normal
DVES setting (2.0Ghz, 1.2V) and 64 multi-threaded tasks
(16x CHOLESKYs, 16x RADIXs, 16x RAYTRACEs, 16x
VOLREND:s) on a 64-core dark silicon chip. Fig. 3 only shows
the core area. Power budgeting is not applied here.

Power

(a) (b)

Fig. 4. (a) SPLASH2 benchmark 64 multithreaded tasks power traces with
44 cores off(b) Thermal (color:degree) and EM lifetime (number:yrs) analysis
on 64 cores

IV. NUMERICAL RESULTS AND DISCUSSIONS
A. Evaluation setup

The proposed new DRM algorithms and evaluation platform
for dark silicon has been implemented in Python 2.7.9 with nu-
merical libraries (Numpy 1.9.2 and Scipy 0.15.1). We revised
the architecture simulator (Sniper 6.1), power model simulator
(McPAT 1.0.32), and thermal simulator (HotSpot 5.02 [33])
to estimate reliability-aware performance and lifetime task
models on top of new physics-based EM model [15] for
manycore processors and added the ability to dynamically
turn-off partial cores. In the evaluation platform shown in
Fig 3, each simulator module is connected with each custom
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plugin connector (Python 2.7.9) so that one simulator’s result
can dynamically feed the other’s inputs. DRM module controls
each simulation model, DVFS, and active-core status. In
Fig 2, the learning agent and Q-learning method have been
implemented in Python 2.7.9 with extensive use of Numpy
for matrix operations.

Our framework has been validated with a 64-core pro-
cessor model on the Parsec and SPLASH-2 multi-threaded
application benchmarks. We use two task set cases, a small
case is a small number of tasks with PARSEC benchmark
(1 BLACKSCHOLES, 1 CANNEAL, 1 FREQMINE, and
1 VIPS). For a large case, a large number of tasks with
SPLASH2 benchmark (16 CHOLESKYs, 16 RADIXs, 16
RAYTRACEs, 16 VOLRENDs) are used. Each case has the
same 64 threads.

In this experiment, we choose two performance states for
DVEFS, one is full power mode (2.0GHz, 1.2V setting) and
another is low power mode (1.0Ghz, 0.9V setting) for our
framework, which is controlled by dark silicon DRM module
in Fig 3. We follow ACPI standard and Enhanced Intel
Speedstep Technology [34] with 45nm technology.

Due to the large number of cores (64-core processors)
with two DVFS states, we group 4 cores as one cluster
and the cores in one cluster have the same p-state and core
status (Clustered DVFS [35]). In this way, we can reduce the
simulation time with small solution quality degradation. Every
time, we can turn on or off four cores at a time, so there are 150
possible states for 64-core dark silicon chip in our experiment.
For the multi-tasks, we use pinned scheduler, which is the
interleaving of round-robin models implemented in Sniper
Sim [11]. To show that our DRM can find lowest possible
energy consumption for the given constraints, we compare
our results with global (Per-chip) DVFS method, which has
the smallest overhead and largest control granularity, for dark
silicon platforms. In this case, all active cores will have the
same p-state (if they are active cores) under lifetime, power
budget, and performance deadline.

B. Evaluation of the proposed Q-Learning DRM method

First, we evaluate our learning-based DRM method (see
Section III) by energy saving with different sets of EM lifetime
constraints, power budgets and performance deadline. Fig. 5
and Fig. 6 show the energy saving given EM-induced lifetime
constraint, power budget and performance deadline for small
and large task sets on a 64-core dark silicon chip. As we can
see energy saving for the different lifetime and performance
constraints in Fig. 5, our method finds relatively high energy
savings (37.5% and 18.1%) with large performance deadline
(64.1ms) than the global DVFS method and core status be-
cause the 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 (42.7ms), there is still
a chance to highly save energy (37.5%) than global DVFS in
the smaller lifetime constraint (10 yr). However, for the higher
lifetime and smaller performance constraints, energy saving
will be close to global DVFS method as shown in Fig. 5. This
can be explained that there are fewer rooms left for saving
energy due to the tight constraints.

For the large task set case, energy saving will be limited
as shown in Fig. 6 and be close to simple DVFS result even
if there is still energy saving (8.5%) with lower EM lifetime
constraint. With higher power budget, more energy can be
saved (40.3%) because performance can be increased with
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more cores turned on. This indicates significant energy saving
can be made for both small and large tasks with given lifetime,

power budget and performance deadline.

(a) Deadline = 64.1ms, (b) Deadline = 42.7ms,
Power budget= 200W Power budget= 200W
PARSEC small tasks 8 PARSEC small tasks

o
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Fig. 5. Energy optimization with global DVFS (all cores are in the same
p-state) and our proposed DRM on PARSEC small task set - different
performance deadline and EM lifetime constraints)
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(b) Deadline = 40.2ms,
Power budget = 350W

8 SPLASH-2 large tasks
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Fig. 6. Energy optimization with global DVES (all cores are in the same
p-state) and our proposed DRM on SPLASH-2 tasks - different power budget
and EM lifetime constraints)

Fig. 7 shows the lifetime, power consumptions and perfor-
mances from our proposed DRM method and it indicates all
the results can meet the given lifetimes, power budgets and
performance deadlines. Furthermore, no violations were found
in either small (test case 1-4) or large task (test case 5-8) set
results in Fig. 7.

(=3
s}

T T T
[ Lifetime constraint
[ JEM Lifetime

100 T

T
[ Deadline
I I [ JPerformance
1 2 3 4 5 6 7 8
Test case

o
o

o

Performance (ms) Power consumption (W) EM lifetime (yrs)

Fig. 7. Q-learning constraints from test case (1-4) PARSEC tasks and light
(5,8) SPLASH-2 tasks in 64-core dark silicon chip

The proposed Q-learning method converges around 8% of
explorations out of all possible state-action solution space as
shown in Fig. 8. It also shows that system violation can be
effectively prevented by our proposed penalty function (4).

V. CONCLUSION

In this article, we have proposed a new dynamic reliabil-
ity management (DRM) technique for emerging dark silicon
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Fig. 8. Convergence rate of proposed DRM method with EM-induced lifetime
constraint in 64-core Dark Silicon (SPLASH-2 Tasks)

manycore processors. We formulated our DRM problem as
minimizing the energy consumption subject to the reliability,
performance and thermal constraints. The new approach is
based on a newly proposed physics-based electromigration
(EM) reliability model to predict the EM reliability of full-chip
power grid networks. We have employed both dynamic voltage
and frequency scaling (DVFS) and dark silicon core using
ON/OFF pulsing action as the two control knobs. To solve the
problem, we applied the adaptive Q-learning based method,
which is suitable for runtime operation as it can provide cost-
effective yet good solutions. Experimental results on a 64-core
dark silicon chip show that the proposed DRM algorithm can
effectively reduce the energy consumption of a dark silicon
chip under the given lifetime constraint, power budget and
performance limit. When dark silicon manycore systems are
not tightly constrained, the proposed method can outperform
a simple global DVFS method significantly.

REFERENCES

[1] R. Dennard, F. Gaensslen, H. Yu, V. Rideout, E. Bassous, and
A. LeBlanc, “Design of ion-implanted mosfet’s with very small physical
dimensions,” IEEE Journal of Solid-State Circuits, vol. 9, pp. 256268,
October 1974.

[2] H. Esmaeilzadeh, E. Blem, R. St. Amant, K. Sankaralingam, and
D. Burger, “Dark silicon and the end of multicore scaling,” in Pro-
ceedings of the 38th Annual International Symposium on Computer
Architecture, ISCA "11, (New York, NY, USA), pp. 365-376, ACM,
2011.

[3] K. Chakraborty, Over-provisioned Multicore Systems.

Madison, WI, USA, 2008. AAI3327881.

S. Cho and R. Melhem, “Corollaries to amdahl’s law for energy,” IEEE

Comput. Archit. Lett., vol. 7, pp. 25-28, Jan. 2008.

[S] M. D. Hill and M. R. Marty, “Amdahl’s law in the multicore era,”
Computer, vol. 41, pp. 33-38, July 2008.

[6] W. Song, S. Mukhopadhyay, and S. Yalamanchili, “Architectural reliabil-
ity: Lifetime reliability characterization and management of many-core
processors,” Computer Architecture Letters, vol. PP, no. 99, pp. 1-1,
2014.

[7]1 B. Raghunathan, Y. Turakhia, S. Garg, and D. Marculescu, “Cherry-
picking: Exploiting process variations in dark-silicon homogeneous chip
multi-processors,” in Design, Automation Test in Europe Conference
Exhibition (DATE), 2013, pp. 39—44, March 2013.

[8] S. Feng, S. Gupta, A. Ansari, and S. Mahlke, “Maestro: Orchestrating
lifetime reliability in chip multiprocessors,” in Proceedings of the 5th
International Conference on High Performance Embedded Architec-
tures and Compilers, HIPEAC’10, (Berlin, Heidelberg), pp. 186-200,
Springer-Verlag, 2010.

[9] H. Kim, A. Vitkovskiy, P. V. Gratz, and V. Soteriou, “Use it or lose it:

Wear-out and lifetime in future chip multiprocessors,” in Proceedings

of the 46th Annual IEEE/ACM International Symposium on Microarchi-

tecture, MICRO-46, (New York, NY, USA), pp. 136-147, ACM, 2013.

A. Das, R. A. Shafik, G. V. Merrett, B. M. Al-Hashimi, A. Kumar, and

B. Veeravalli, “Reinforcement learning-based inter- and intra-application

thermal optimization for lifetime improvement of multicore systems,” in

Proceedings of the 51st Annual Design Automation Conference, DAC

14, (New York, NY, USA), pp. 170:1-170:6, ACM, 2014.

PhD thesis,

[4

=

[10]

468

(1]

[12]
[13]

[14]
[15]

[16]

(17]

(18]

[19]

[22]
(23]
[24]

(25]

[26]

[27]

(28]
[29]

(30]

[31]

(32]

[33]

[34]

[35]

T. E. Carlson, W. Heirman, and L. Eeckhout, “Sniper: Exploring the
level of abstraction for scalable and accurate parallel multi-core simu-
lations,” in International Conference for High Performance Computing,
Networking, Storage and Analysis (SC), pp. 52:1-52:12, Nov. 2011.
“HotSpot Program.” http://lava.cs.virginia.edu/HotSpot/versions.htm.

J. R. Black, “Electromigration-a brief survey and some recent results,”
IEEE Transactions on Electron Devices, vol. 16, no. 4, pp. 338-347,
1969.

1. Blech, “Electromigration in thin aluminum films on titanium nitride,”
Journal of Applied Physics, vol. 47, no. 4, pp. 1203-1208, 1976.

X. Huang, T. Yu, V. Sukharev, and S. X.-D. Tan, “Physics-based
electromigration assessment for power grid networks,” in Proc. Design
Automation Conf. (DAC), June 2014.

V. Sukharev, “Beyond Black’s equation full-chip EM/SM assessment in
3D IC stack,” Microelectronic Engineering, vol. 120, pp. 99-105, May
2014.

V. Sukharev, A. Kteyan, E. Zschech, and W. D. Nix, “Microstructure Ef-
fect on EM-Induced Degradations in Dual Inlaid Copper Interconnects,”
IEEE Transactions on Device and Materials Reliability, vol. 9, no. 1,
pp. 87-97, 2009.

S. Chatterjee, M. Fawaz, and N. F. Najm, “Redundancy-Aware Elec-
tromigration Checking for Mesh Power Grids,” in Proc. Int. Conf. on
Computer Aided Design (ICCAD), 2013.

Z. Lu, W. Huang, J. Lach, M. Stan, and K. Skadron, “Interconnect
lifetime prediction under dynamic stress for reliability-aware design,”
in Proc. Int. Conf. on Computer Aided Design (ICCAD), pp. 327-334,
IEEE, November 2004.

S. Wang and J.-J. Chen, “Thermal-aware lifetime reliability in multicore
systems,” in Quality Electronic Design (ISQED), 2010 11th Interna-
tional Symposium on, pp. 399-405, March 2010.

A. Das, A. Kumar, and B. Veeravalli, “Reliability-driven task mapping
for lifetime extension of networks-on-chip based multiprocessor sys-
tems,” in Proceedings of the Conference on Design, Automation and
Test in Europe, DATE ’13, (San Jose, CA, USA), pp. 689-694, EDA
Consortium, 2013.

C. Watkins and P. Dayan, “Q-learning,” Machine Learning, vol. 8, no. 3-
4, pp. 279-292, 1992.

R. S. Sutton and A. G. Barto, Introduction to Reinforcement Learning.
Cambridge, MA, USA: MIT Press, Ist ed., 1998.

T. Jaakkola, M. I. Jordan, and S. P. Singh, “On the convergence of
stochastic iterative dynamic programming algorithms,” Neural Compu-
tation, vol. 6, pp. 1185-1201, Nov. 1994.

H. Shen, J. Lu, and Q. Qiu, “Learning based dvfs for simultaneous tem-
perature, performance and energy management,” in Quality Electronic
Design (ISQED), 2012 13th International Symposium on, pp. 747-754,
March 2012.

N. Binkert, B. Beckmann, G. Black, S. K. Reinhardt, A. Saidi, A. Basu,
J. Hestness, D. R. Hower, T. Krishna, S. Sardashti, R. Sen, K. Sewell,
M. Shoaib, N. Vaish, M. D. Hill, and D. A. Wood, “The gem5 simulator,”
SIGARCH Comput. Archit. News, vol. 39, pp. 1-7, Aug. 2011.

M. M. K. Martin, D. J. Sorin, B. M. Beckmann, M. R. Marty, M. Xu,
A. R. Alameldeen, K. E. Moore, M. D. Hill, and D. A. Wood,
“Multifacet’s general execution-driven multiprocessor simulator (gems)
toolset,” SIGARCH Comput. Archit. News, vol. 33, pp. 92-99, Nov. 2005.
K. Ghose and et al, “Marssx86: Micro architectural systems simulators,”
in ISCA Tutorial Session, 2012.

T. F. Wenisch, R. E. Wunderlich, M. Ferdman, A. Ailamaki, B. Falsafi,
and J. C. Hoe, “Simflex: Statistical sampling of computer system
simulation,” IEEE Micro, vol. 26, pp. 18-31, July 2006.

J. H. Ahn, S. Li, O. Seongil, and N. Jouppi, “Mcsima+: A manycore sim-
ulator with application-level+ simulation and detailed microarchitecture
modeling,” in Performance Analysis of Systems and Software (ISPASS),
2013 IEEE International Symposium on, pp. 74-85, April 2013.

C. Bienia, S. Kumar, J. P. Singh, and K. Li, “The parsec benchmark
suite: Characterization and architectural implications,” in Proceedings
of the 17th International Conference on Parallel Architectures and
Compilation Techniques, PACT *08, (New York, NY, USA), pp. 72-81,
ACM, 2008.

S. Woo, M. Ohara, E. Torrie, J. Singh, and A. Gupta, “The splash-
2 programs: characterization and methodological considerations,” in
Computer Architecture, 1995. Proceedings., 22nd Annual International
Symposium on, pp. 24-36, June 1995.

K.Skadron, M. R. Stan, W. Huang, S. Velusamy, K. Sankaranarayanan,
and D. Tarjan, “Temperature-aware microarchitecture,” in International
Symposium on Computer Architecture, pp. 2—13, 2003.
Hewlett-Packard, Intel, Microsoft, Phoenix, and Toshiba, “Advanced
configuration and power interface specification 5.0a,” 2013.  http:
/Iwww.acpi.info.

T. Kolpe, A. Zhai, and S. Sapatnekar, “Enabling improved power
management in multicore processors through clustered dvfs,” in Proc.
Design, Automation and Test In Europe. (DATE), pp. 1-6, March 2011.

2016 Design, Automation & Test in Europe Conference & Exhibition (DATE)




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


