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ABSTRACT

In this paper, we present the first automated system-level
analysis of multicore CPUs based on ARMv8 64-bit architecture
(8-core, 28nm X-Gene 2 micro-server by AppliedMicro) when
pushed to operate in scaled voltage conditions. We report detailed
system-level effects including SDCs, corrected/uncorrected errors
and application/system crashes. Our study reveals large voltage
margins (that can be harnessed for energy savings) and also large
Vimin variation among the 8 cores of the CPU chip, among 3
different chips (a nominal rated and two sigma chips), and among
different benchmarks.

Apart from the V,,;, analysis we propose a new composite
metric (severity) that aggregates the behavior of cores when
undervolted and can support system operation and design
protection decisions. Our undervolting characterization findings
are the first reported analysis for an enterprise class 64-bit
ARMv8 platform and we highlight key differences with previous
studies on x86 platforms. We utilize the results of the system
characterization along with performance counters information to
measure the accuracy of prediction models for the behavior of
benchmarks running in particular cores. Finally, we discuss how
the detailed characterization and the prediction results can be
effectively used to support design and system software decisions
to harness voltage margins for energy efficiency while preserving
operation correctness. Our findings show that, on average, 19.4%
energy saving can be achieved without compromising the
performance, while with 25% performance reduction, the energy
saving raises to 38.8%.
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1 INTRODUCTION

During chip fabrication, process variations can affect transistor
dimensions (length, width, oxide thickness etc. [1]) which have
direct impact on the threshold voltage of a MOS device [2]. As
technology scales, the percentage of these variations compared to
the overall transistor size increases and raises major concerns for
designers, who aim to improve energy efficiency. This variation
is classified as static variation and remains constant after
fabrication. On top of that, transistor aging and dynamic
variation in supply voltage and temperature, caused by different
workload interactions, is also of primary importance. Both static
and dynamic variations lead microprocessor architects to apply
conservative guardbands (operating voltage and frequency
settings) to avoid timing failures and guarantee correct operation,
even in the worst-case conditions excited by unknown workloads
[3, 4].
However, these

consumption and the high performance, which can be derived by

guardbands impede the low power
reducing the supply voltage and increasing the operation
frequency, respectively. To bridge the gap between energy
efficiency and performance improvements, several hardware and
software techniques have been proposed, such as Dynamic
Voltage and Frequency Scaling (DVFS) [5]. The premise of DVFS
is that the microprocessor’s workloads as well as the cores’
activity vary. Voltage and frequency-scaling during epochs where
peak performance is not required enables a DVFS-capable system
to achieve average energy-efficiency gains without affecting
peak-performance adversely. At a specific frequency of operation,
energy-efficiency gains are limited by guardbands that guarantee
correct operation in the presence of dynamic margins.
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Several techniques have been proposed [6, 7] that eliminate a
subset of these guardbands for efficiency gains over and above
what is dictated by design guardbands. However, all of these
techniques are associated with significant design, test and
measurement overheads that limit its application in the general
case. For instance, in the Razor technique [6], support for timing-
error detection and correction has to be explicitly designed into
which has

verification overheads. Similarly, in adaptive-clocking approaches

the processor micro-architecture significant
[7], extensive test and measurement effort is required for system
sign-off. Ensuring the eventual success of these techniques
requires a deep understanding of dynamic margins and their
manifestation during normal code execution.

Revealing and fine-grained harnessing the pessimistic
design-time voltage margins offers a significant opportunity for
energy-efficient computing in multicore CPUs. The full energy
savings potential can be exposed only when accurate core-to-core,
chip-to-chip, and workload-to-workload voltage scaling variation
is measured. When all these levels of variation are identified,
system software can effectively allocate hardware resources to
tasks of the
(undervolting potential of the CPU cores) and the requirements of

software matching the capabilities former
the latter (for energy or performance).

Although characterization studies for CPUs and GPUs have
been presented recently [4, 8 — 11], they primarily focus on
coarse-grained identification of the V,,;, values, i.e. the voltage
level at which no type of anomaly is observed in program
execution of a particular core. Furthermore, these studies focus
primarily on x86 and Power-series enterprise-class server systems
whose summary is shown in Table 1; studies on GPU chips have

been reported as well.

Table 1: Summary of studies on commercial chips.

ISA Processor Technology Ref.
POWER 7/ IBM Power 750, 45 /32 7, 8]
7+ 780 i :
x86 — [A64 Intel Itanium
. 32 nm [9, 10]
extension 9560
Nvidia Fermi GTX 480, 580, 40728 [11]
/ Kepler 680, 780 nm
ARMvS8 APM X-Gene 2 28 nm This work

1.1 Contributions of this Work

In this paper, we present the first detailed system-level voltage
scaling characterization study for ARMv8-based multicore CPUs
manufactured in 28nm. The study’s backbone is a fully automated
system-level framework built around AppliedMicro’s (APM) X-
Gene 2 micro-server. The automated infrastructure aims to
increase the throughput of massive undervolting campaigns that
require multiple benchmarks execution at several voltage supply
levels of all individual cores. The characterization process
requires minimal human intervention and records all possible
abnormalities due to undervolting: silent data corruptions (SDC,
ie. program output mismatches without any hardware error
notification), corrected errors, uncorrected (but detected) errors
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(provided by Linux EDAC driver [12]), as well as application and
system crashes [13].
towards the

A second contribution of the

paper
formalization of the behavior in undervolting conditions is the
definition of a simple consolidated function. Severity function
aggregates the effects of reduced voltage operation in the cores of
a multicore CPU by assigning values to the different abnormal
observations. The lower the voltage level, the higher the value of
the severity function. The severity function assists an
undervolting classification of the cores of a CPU chip for a given
benchmark: different core, benchmark and voltage values lead to
different severity patterns, some with an abrupt increase to the
severity (i.e. the benchmark keeps executing correctly until a
voltage level at which the system crashes), while others have a
“smooth” severity increase while voltage is reduced (the system
remains responsive throughout a range of voltage values but it
generates ECC errors or produces SDCs). The fine-grained
analysis of the behavior of the machine using the severity
function can assist energy efficiency decisions for task-to-core
allocation by the system software. Our comprehensive
characterization for ARMv8-based multicore CPUs confirms that
a different microarchitecture, circuit design or manufacturing
technology exhibits different abnormal behavior when operating
beyond nominal voltage conditions. Unlike previous studies for
Intel systems with Itanium CPUs [9, 10], in our system silent data
corruptions (alone or with ECC errors) appear at higher voltage
levels than corrected errors alone for a significant set of
benchmarks. In the previous studies [9, 10], the range of voltage
levels with corrected errors only, offer a significant opportunity
for energy savings without jeopardizing correctness of operation;
this is not the case in the APM X-Gene 2 ARMv8-based CPUs of
our study. Understanding the behavior in non-nominal conditions
is very important for making software and hardware design
decisions for improved energy efficiency that preserves
correctness of operation.

Furthermore, we feed the characterization results along with
performance counter measurements to a linear regression based
statistical analysis model to predict both the V,,;, and the severity
behavior of cores and benchmark combinations. Our study
reveals that a simple linear regression model is efficient to predict
the severity behavior of a core running a particular benchmark in
off-nominal voltage conditions. The same model is also capable of
accurately predicting the V,;,, but this is also the case for the
naive prediction model of averaging the V,,;, values of the
training dataset due to the limited range of dynamic V;,
variation. We show that we can potentially achieve on average
19.4% energy savings without compromising the performance,
while with 25% performance loss we can achieve 38.8% energy
savings. The characterization modeling and the prediction results
of our study can be effectively used to support design and system
software decisions to harness voltage margins and thus improve

energy efficiency while preserving operation correctness.

2 EXPERIMENTAL SETUP

In this section, we describe the system architecture, voltage and
frequency domains of the APM X-Gene 2 micro-server. We also
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present the automated characterization framework, with which
we characterize three X-Gene 2 chips, and is the first contribution
of this work.

2.1 System Architecture

The APM X-Gene 2 micro-server consists of eight 64-bit ARMv8-
compliant cores. The X-Gene 2 architecture offers high-end
processing performance and capabilities. For example, the X-
Gene 2 subsystem features a Power Management processor
(PMpro) and a Scalable Lightweight Intelligent Management
processor (SLIMpro) to enable breakthrough flexibility in power
management, resiliency and end-to-end security for a wide range
of applications. The dedicated PMpro processor provides
advanced power management capabilities, such as multiple power
planes and clock gating, thermal protection circuits, Advanced
Configuration Power Interface (ACPI) power management states
and external power throttling support. The dedicated SLIMpro
processor monitors system sensors, configures system attributes
(e.g. regulate supply voltage, change DRAM refresh rate etc.) and
accesses all error reporting infrastructure, using an integrated 12C
controller as the instrumentation interface between the X-Gene 2
cores and this dedicated processor. SLIMpro can be accessed by
the system’s running Linux Kernel.

X-Gene 2 has three independently regulated power domains
(as shown in Figure 1):

PMD (Processor Module): Each PMD contains two ARMv38
cores. Each of the two cores has separate instruction and data L1
caches, while they share a unified L2 cache. The operating
voltage of all four PMDs together can change with a granularity
of 5mV beginning from 980mV. While PMDs operate at the same
voltage, each PMD can operate in a different frequency. The
frequency can range from 300 MHz up to 2.4 GHz at 300 MHz
steps.

DDR3 SDRAM

Standby
Power Domain

Figure 1: X-Gene 2 block diagram.

PCP (Processor Complex)/SoC: It contains the L3 cache,
the DRAM controllers, the central switch and the I/O bridge. The
PMDs do not belong to the PCP/SoC power domain. The voltage
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of the PCP/SoC domain can be independently scaled downwards
with a granularity of 5mV beginning from 950mV.
Standby Power Domain: This includes the SLIMpro and
PMpro microcontrollers and the interfaces for the I12C buses.
Table 2 summarizes the most important architectural and
microarchitectural parameters of the APM X-Gene 2 micro-server
that is used in the paper.

Table 2: Basic parameters of APM X-Gene 2.

Parameter Configuration
ISA ARMvVS (AArch64, AArch32, Thumb)
Pipeline 64-bit 000 (4-issue)
CPU 8 cores
Core clock 2.4 GHz

L1 Instr. cache
L1 Data cache

32KB per core (Parity Protected)
32KB per core (Parity Protected)

L2 cache 256KB per PMD (ECC Protected)

L3 cache 8MB (ECC Protected)
Technology 28 nm

Max TDP 35W

2.2 Characterization Framework

The primary goals of the characterization framework used in this
study are: (1) to identify the target system’s limits when it
operates at scaled voltage and frequency conditions, and (2) to
record/log the effects of a program’s execution under these
conditions. The framework provides the following features:

=  compares the outcome of the program with the correct
output of the program when the system operates in
nominal conditions to record Silent Data Corruptions
(SDCs),

*  monitors the exposed corrected and uncorrected errors
from the hardware platform’s error reporting
mechanisms,

=  recognizes when the system is unresponsive and
restores it automatically,

*  monitors system failures (crash reports, kernel hangs,
etc.),

= determines the safe, unsafe and non-operating voltage
regions for each application for all frequencies, and

=  performs massive repeated executions of the same
configuration.

The characterization framework (outlined in Figure 2) is
fully automated, easily configurable by the user and can be
embedded to any Linux-based system, with similar voltage and
frequency regulation capabilities. To completely automate the
characterization process, and due to the frequent and unavoidable
system crashes that occur when the system operates in reduced
voltage levels, we set up a Raspberry Pi board (see Figure 2)
connected externally to the X-Gene 2 board as a watchdog
monitor. The Raspberry Pi is physically connected to both the
Serial Port, as well as to the Power and Reset buttons of the
system board to enable physical access and remote control to the
system.
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Figure 2: Characterization framework layout.

As shown in Figure 2, the characterization framework
consists of three phases: initialization, execution, and parsing.
During the initialization phase, a user can declare a benchmark
list with corresponding input datasets to run in any desirable
characterization setup. The characterization setup includes the
voltage and frequency (V/F) values on which the experiment will
take place and the cores where the benchmark will be run. The
characterization setup depends on the power domains supported
by the chip, but our framework is easily extensible to support the
power domain features of different CPU chips. The execution
phase consists of multiple runs of the same benchmark, each one
representing the execution of the benchmark in a pre-defined
characterization setup. The set of all the characterization runs
running the same benchmark with different characterization
setups represents a campaign.

In the parsing phase of our framework, all log files that are
stored during the execution phase are parsed in order to provide a
fine-grained classification of the effects observed for each
characterization run. Note that, each run is correlated to a specific
benchmark and characterization setup. The categories that are
used for our classification are summarized in Table 3, but the
parser can be easily extended according to the user’s needs. For
instance, the parser can also report the exact location that the
correctable errors occurred (e.g. the cache level, the memory, etc.)
using the logging information provided by the execution phase.
At the end of the parsing step, all the collected results concerning
the characterization (according to Table 3) and the severity
function of each run are reported in CSV files.

2.2.1Characterization Challenges. In this section, we discuss
the most important challenges that were taken into consideration
for the solid development of the characterization framework to
ensure correct and accurate results.

Safe Data Collection. Given that a system operating
beyond nominal conditions often has unexpected behaviors (e.g.
file system driver failures), there is need to correctly identify and
store all the essential information in log files (to be subsequently
parsed and analyzed). The automated framework was developed
to collect and store safely all the necessary information about the
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experiments. Therefore, after each run of the benchmark beyond

nominal voltage conditions, the framework restores the
microprocessor in nominal voltage conditions to store the log

files and then it continues to the next experiment.

Table 3: Effects classification.

Effect Description
NO (Normal The benchmark was successfully completed
Operation) without any indications of failure.

SDC (Silent
Data but a mismatch between the program output

The benchmark was successfully completed,

Corruption) and the correct output was observed.

CE (Corrected Errors were detected and corrected by the

Error) hardware (provided by Linux EDAC driver).
UE Errors were detected, but not corrected by
(Uncorrected the hardware (provided by Linux EDAC
Error) driver [12]).

AC (Application The application process was not terminated
normally (the exit value of the process was

Crash) different than zero).
e ystem e et seapondimg orthe
Crash) p g

timeout limit was reached.

Failure Recognition. Another challenge is to recognize and
distinguish the system and program crashes or hangs. This is a
very important feature for the parsing phase to easily identify and
classify the final results, with the most possible distinct
information concerning the characterization.

Reliable Cores Setup. Another major challenge we also
faced is that the characterization of a system is performed
primarily by using properly chosen programs in order to provide
diverse behaviors and expose all the potential deviations from
nominal conditions. It is thus important to run the selected
benchmarks in a reliable cores setup. This means that the cores, on
which the benchmark runs, must be isolated and unaffected from
the other active processes of the kernel in order to capture only
the effects of undervolting on the studied benchmark. Further, to
avoid any abnormal behavior sourcing from other cores of the
microprocessor (not the one under characterization) and due to
the fact that all the PMDs are in the same power domain, the
framework sets the lowest frequency to all cores (300 MHz) but
keeps the frequency high to the cores under characterization.

Massive Iterative Execution. The non-deterministic
of the

microarchitectural features makes it necessary to repeat the

behavior characterization results due to several
experiments multiple times with the same configuration to
capture the divergences that may occur during different runs of

the same configuration.

3 SYSTEM CHARACTERIZATION

We study the behavior of 3 different X-Gene 2 chips by using
representative benchmarks from the SPEC CPU2006 suite to
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explore the voltage guardbands for each core of the chip, and thus
to detect the safe V,,;, in which the benchmarks can be executed
correctly. We also study any abnormal behavior that can be
exposed (SDC, ECC errors, crashes, etc.) below the safe V,;,
levels, for a comprehensive characterization. We present our
findings for three different chips: TTT, TFF, and TSS. The TTT
part is the “normal” part. The TFF is a fast corner part, which has
high leakage but at the same time can operate at higher
frequency. The TSS part is also a corner part which has low
leakage and works at lower frequency. All chips have maximum
frequency equal to 2.4 GHz, however, the TSS chip may have a
lower voltage guardband than the TTT and TFF chips due to its
lower power leakage.

3.1 Regions of Operation

Using the automated framework presented in subsection 2.2, we
three X-Gene 2 chips. The
characterization process can reveal for each core of the CPU three

extensively characterize the

different regions of operation when the microprocessor operates
beyond nominal voltage conditions. These are the safe and unsafe
operating regions and the region in which the system cannot
operate (crash region).

To isolate the impact of temperature that can affect our
results, apart from the isolation of system processes (see
subsection 2.2.1), we also control the temperature by adjusting
the CPU’s fan speed accordingly. We stabilize the temperature at
43°C, and thus, all benchmarks complete their execution at the
same temperature. In Figure 4 we present the results for 10 SPEC
CPU2006 benchmarks [14]. All programs ran on a single core in
each PMD at 2.4 GHz, while the remaining six cores (the other 3
PMDs) reliably operated at 300 MHz (see explanation in
subsection 2.2.1). In order to consider the non-deterministic
behavior of such experiments and maintain their statistical
importance, we ran every undervolting campaign 10 times. Figure
4 presents in detail for all benchmarks the highest V,,;, values and
the highest crash voltage values of the ten campaigns for the
three different chips and all the cores of each chip. In all
benchmarks, we can notice the three regions of operation
according to the collected results. The regions are:

=  Safe region (blue): The characterization runs that

correspond to this region had a normal operation (NO)
without any SDCs, errors or crashes.

= Unsafe region (grey): The characterization runs that

correspond to this region generate an abnormal
behavior (SDC, CE, UE, AC) but not a system crash.

*  Crash region (black): This region includes voltage

values in which at least one characterization run led to
a system crash.

3.2 Vpin Experimental Results

We experimentally obtain the V;, values of the 10 SPEC
CPU2006 benchmark on the three X-Gene 2 chips (TTT, TFF,
TSS),
experiment ten times for each benchmark. These experiments

running the entire time-consuming undervolting

were performed during 6 months on a single X-Gene 2 machine.
This part of our study focuses on a quantitative analysis of the

MICRO-50, October 14-18, 2017, Cambridge, MA, USA

safe Vi, for diverse chips of the same architecture in order to
expose the potential guardbands of each chip, as well as to
quantify how the program behavior affects the guardband and to
measure the core-to-core and chip-to-chip variation.

The voltage guardband for each program is the smallest
(safe) margin between the nominal voltage of the microprocessor
and its V. Our experiments were performed in two different
frequencies: the highest available frequency of the X-Gene 2,
which is 2.4 GHz, and 1.2 GHz. It is essential to highlight that the
X-Gene 2 supports clock skipping and clock division, which, in
combination, set the effective frequency of the PMD relative to its
clock source. Clock ratios greater or less than 1/2 are
implemented via clock skipping on the input clock. Clock ratio
equal to 1/2 is implemented via clock division on the input clock.
This means that, clock frequencies greater than 1.2 GHz have
similar behavior as in 2.4 GHz, and frequencies less than 1.2 GHz
have similar behavior as in 1.2 GHz. For this reason, we haven’t
characterized the chips in the intermediate frequencies.
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Figure 3: V,,;, results at 2.4 GHz for 10 SPEC CPU2006
programs on 3 different X-Gene 2 chips (TTT, TFF, TSS).

In the “normal” TTT part running at 1.2 GHz we observed
that all programs have safe V,;, at 760mV for all cores.
Furthermore, no program in any core exposes any abnormal
behavior (SDC, CE, crash, etc.) after the V,,;, and before the
system crash. We observe only system crashes below the safe
Vinin- On the other hand, in the maximum frequency (and this is
also the expectation for all intermediate frequencies between 2.4
GHz and 1.2 GHz as we described before) we observed
divergences of the V,;, values as shown in Figure 3 (blue line).
For a significant number of benchmarks, we can see variations
between different programs and different chips. Figure 3
represents the most robust core for each chip, and for these
programs the V,,;, varies from 885mV to 860mV for TTT, from
885mV to 870mV for TFF and from 900mV to 870mV for TSS.
Considering that the nominal voltage for the X-Gene 2 is 980mV,
there is a significant reduction of voltage without affecting the
correct execution of programs, which is equal to at least 18.4% for
the TTT and TFF chip, and 15.7% for the TSS chip. We also notice
in Figure 3 that the workload-to-workload variation remains the
same across the 3 chips of the same architecture; however, there
is a relatively large variation among the chips. This means that
there is a program dependency of V,,;, behavior in all chips.
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Figure 4: X-Gene 2 characterization results for 10 SPEC CPU2006 benchmarks (10 runs each) on three different chips (TTT,
TFF, TSS). Blue represents the Safe region, grey represents the Unsafe region and black represents the Crash region.
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3.3 Process Variation

Figure 4 presents the detailed information about the safe V,,;, for
all benchmarks and cores of the three chips, as well as the range
of the unsafe region. In this section, we discuss the core-to-core
and chip-to-chip variation.

Core-to-Core Variation: There are significant divergences
among cores for the same benchmark due to process variation.
Process variations can affect transistor dimensions (length, width,
oxide thickness etc.) which have direct impact on the threshold
voltage of a MOS device, and thus, on the guardband of each core.
This variation among cores of the same chip can result in high
energy savings by using the appropriate task scheduling in
combination with a comprehensive prediction. We present and
discuss this method in the following sections (Section 4 and 5).

Chip-to-Chip Variation: As Figure 4 shows, PMD 2 (cores
4 and 5) is the most robust PMD for all three chips (up to 3.6%
more voltage reduction compared to the most sensitive cores).
Green line in Figure 4 presents the average V,,;,, and the Red line
represents the average Crash voltage point for each chip. Thus,
we can notice that the TFF chip has lower V,,;, points than the
TTT chip, in contrast to TSS (the chip with lower leakage), which
has significantly higher V,,;, points than the other two chips, and
thus, lower power savings. For the unsafe region, on the other
hand, we notice only small divergences among the chips.

3.4 Abnormal Behaviors below V,,i,

Previous studies on Intel Itanium CPUs [9, 10] have shown a large
region of voltage values that contains only ECC corrected errors
during undervolting. By reducing the voltage on those chips, the
number of corrected errors increases gradually for quite many
voltage steps until it exposes other types of abnormal behavior
(SDCs, uncorrected errors, crashes). In such systems, ECC
corrected errors can serve as proxies for the effects of
undervolting. In contrast to these studies, a major finding of our
characterization for ARMv8-compliant multicore CPUs is that
silent data corruptions appear at higher voltage levels than
corrected errors alone for any benchmark. In [9, 10], the reported
range of voltage levels with corrected errors alone offers a
significant opportunity for energy savings without jeopardizing
correctness of operation. High correctable error rate is helpful to
an ECC guided voltage speculation but this is not the case in the
APM X-Gene 2 in our case.

To justify the differences between X-Gene 2 and previous
studies on Itanium [9, 10], we developed and ran self-tests that
separately stress each cache level independently as well as the
ALU and FPU. Cache tests completely fill the cache arrays and
flip all the bits of each cache block to check for cell bit errors
during undervolting. ALU and FPU tests perform multiple
different concurrent operations in each unit with random values
to stress different paths and conditions. Through this component-
focused stress process we observed the following: (1) SDCs occur
when the pipeline gets stressed (ALU and FPU tests), and (2) the
cache bit-cells safely operate at higher voltages (the cache tests
crash in much lower voltages than the ALU and FPU tests). This
observation leads us to conclude that the X-Gene 2 is more
susceptible to timing-path failures than to SRAM array failures.
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In contrast, ECC corrections appear at a higher voltage on the
Itanium compared to SDCs and system crashes. We attribute the
increased robustness to timing-failures on the Itanium to circuit-
level dynamic-margin mitigation techniques such as the
capability to perform continuous clock-path de-skewing during
dynamic operation [15]. The X-Gene 2 does not deploy such
circuit-level techniques, and thereby, generates SDCs due to
timing-path failures. Having the occurrence of SDCs first, it is not
possible to easily guide the voltage speculation for prediction
based on the manifested errors. For that reason, we propose the
severity function both for quantifying the severity and for
illustrating the scaling of abnormal behaviors due to voltage
reduction, which is the second contribution of this paper. The
new metric’s contribution is twofold: (1) to aggregate the results
produced by multiple runs, and (2) to quantify a microprocessor’s
ability to operate beyond nominal conditions and especially
beyond the safe V.

3.4.1Severity Function. Note that each characterization run
can manifest multiple effects. For instance, in a run both SDC and
CE can be observed; thus, both of them are reported for this run.
Due to the non-determinism of the characterization in real
hardware, all the
campaigns of the same benchmark (iterative execution) is also

information collected during multiple
reported by our severity function. To quantify the criticality of the
effects of different experimental runs of different campaigns with
the same setup, we define the “severity function” S,, where v is
the voltage, as follows:
SDC CE UE AC SC

Sv=Wspe = *Wee 7 *Wuoe 7 *Wae 1 *Wse

In this function, the parameters SDC, CE, UE, AC and SC can
take values from 0 to N (N is the number of runs at voltage level
v), and represent the times that the effect appears to these runs
(for example, if k of the N runs lead to UE, then parameter UE is
set to k; the actual number of uncorrected errors during each run
is not taken into consideration). Parameters Wspc, Weg, Wyg, Wac
and Wy represent “weights” that can be arbitrarily set to
characterize the severity of each effect of Table 3. The higher the
weight, the more critical the effect is considered by our function,
and the main role of these weights is to “translate” the behaviors
(SDCs, etc.) to numbers in order to fit to the equation. We use the
values presented in Table 4 as the values for our severity function
(but different weight values can be also used according to the
importance of each observed abnormal behavior in a particular
system study).

Table 4: Weights used in our experiments.

Weight Value
Wee 16
Wae 8
Wspe 4
Wog 2
Wee 1
Wno 0
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As an example, Figure 5 shows the severity of bwaves
benchmark on TTT chip, which has a significantly large unsafe
region, and it also provides a smooth gradual increase of severity
while the voltage is reduced. These results are derived from 10
executions of the same campaign. According to the severity value
for each voltage level, one can decide if and when it is possible to
reduce the voltage further (lower than the safe V,,;, where
severity is 0) for more aggressive energy efficiency. The severity
function is essential primarily for speculation (see details in
section 4), because (1) it collects all needed information in one
metric, (2) it incorporates the small divergences across multiple
executions (10 executions in our case), (3) it measures the mean
severity for each voltage step in each core, and (4) it assigns
numbers to behaviors (SDC, CE, etc.), and thus, it is easy to use
by any software daemon such as an online predictor.
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Figure 5: bwaves benchmark severity on TTT chip cores.

4 PREDICTION

Predicting safe voltage regions of the microprocessor using as
input the performance counters provided by the system has
recently gained the interest of the computer architecture
community [9, 10, 17]. In this section, we study the feasibility of
predicting the safe V,;, (for a conservative prediction by taking
into account only the guardbands - the V,,;, — for each core and
workload), as well as a more aggressive prediction by using the
section 3.4.1)
microarchitectural events measured for the entire benchmarks

severity values (described in using the
execution provided by the X-Gene 2 hardware.

Specifically, we implemented linear regression analysis in all
the cores of the three chips (TTT, TFF, and TSS) using all
benchmarks from the SPEC CPU2006 suite with all their input
datasets (40 programs). Due to space limitations, we illustrate
only the most representative cases of our analysis targeting both
the Vi, and the severity values of the most robust core (Core 4)
and the most sensitive core (Core 0) of the TTT chip. Our analysis
shows that prediction using severity values is more efficient than
targeting only the V,,;, point for any core and chip.

In our study, we used linear regression models, which are
able to provide high prediction accuracy with a relatively small
population of microarchitectural counters.
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Linear regression functions of a small number of
performance counters can be easily calculated on hardware, while
non-linear models are more complex and more time consuming.
Therefore, linear models are more suitable for online prediction
purposes [18].

In general, regression techniques give the ability to calculate
a function to predict a value of the dependent variable from a set
of independent variables. Assuming a set of x; xz X3 ..., XN
independent variables and y the dependent variable, the classical
linear regression model for y that we use in this analysis, is based
on the Ordinary Least Squares (OLS) model. Specifically, it yields
a set of weights f, one for each predictor variable x, and an error

term e:
Vi = Bo+ Bixyi + Boxg + 0+ Prxi + €

In this formula y; is the i response value (in our case the
Vinin or the severity value), x;; is the jth microarchitectural counter
(e.g. the L1 Cache Accesses) evaluated at the i observation, and
e; is the i" statistical error. The goal of the regression analysis is
to find the optimal values of the coefficients f;, Bz, fs, ..., Pi S0 as
to minimize the sum of the squares of the differences between the
observed responses (values of the predicted variable) in the given
dataset and those predicted by a linear function of a set of
explanatory variables.

This analysis also provides a “coefficient of determination”
(R’) that indicates the proportion of the variance in the dependent
variable that is predictable from the independent variables. The
larger the values of R’, the better fit the model provides, while the
best fit exists when R’ is equal to 1. The R’ can be 0 when the
model predicts the expected value disregarding the input features
or even negative (because the model can be arbitrary worse). Ris
an important indicator for linear regression analysis in order to
quantify the accuracy of each model. However, to evaluate the
accuracy of our prediction model for different test cases, we also
use the Root Mean Square Error (RMSE) that represents the
deviation between the predicted values and the observed values.
The smaller the RMSE the more efficient the prediction model is.
based steps: (i)
characterization (which was presented in Section 3), (ii) collection

Our analysis is on four offline
of all the performance counters provided by the X-Gene 2 system
during nominal conditions, (iii) feature selection of the most
important counters that mostly affect the prediction according to
the test case (targeting either the V,,;, or the severity), and (iv)
training and evaluation of the different test cases on which we
implemented linear regression analysis. For feature selection and
the linear regression model of our analysis we used the python
libraries provided by [19]. As Figure 6 presents, in phase 1 we
perform an extensive characterization, which exposes the regions
of operation (Safe, Unsafe, Crash) and the severity values. In
phase 2 we perform application profiling for all available
performance counters. In phase 3, we train the predictor using
the outputs from step 1 and 2, and in phase 4, we make the actual
prediction evaluating the estimations using the test dataset. We
further analyze the three steps (except for characterization, which
is described previously) illustrating also the results of our
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Figure 6: Overview of the prediction flow.

statistical analysis for the different test cases (targeting both the
Vimin and the severity).

4.1 Collection of all the Performance Counters

The X-Gene 2 provides 101 performance counters in total which
report microarchitectural events of the entire system for
individual cores, for the memory hierarchy (accesses and misses
of all cache, TLB and page walks levels, unaligned accesses,
prefetches, etc.), the pipeline (flushes, mispredictions, etc.), and
the system (bus accesses, etc.). In our analysis, we used 26 SPEC
CPU2006 benchmarks collecting the performance counters of the
entire benchmarks using perf [20].

4.2 Selecting Counters for each Test Case

To reduce the population of performance counters used by our
prediction model we implemented a feature selection technique
called Recursive Feature Elimination (RFE) [19] for our statistical
analysis concerning both the V,,;, and the severity values. Given
an external estimator that assigns weights to features (e.g., a
linear regression model) the goal of RFE is to select features by
recursively considering smaller and smaller sets of features. First,
the estimator is trained on the initial set of features, and weights
are assigned to each one of them. Then, features whose absolute
weights are the smallest are pruned from the current set of
features. This procedure is recursively repeated on the pruned set
until the desired number of features to select is eventually
reached. In our test cases, we eventually selected the 5 most
efficient and representative events to predict the V,,;, and the
severity values. The 5 most important features that were selected
by RFE in our test cases are: (i) dispatched stalled cycles, (ii)
exceptions taken, (iii) read data memory accesses, (iv) branch-
target-buffer (BTB) mispredictions, and (v) conditional and
indirect branches. Our model reports the impact of any
architectural event that contributes to prediction, classified by its
importance. We  experimentally —observe that the 5
aforementioned events provide the same accuracy as when we
used more than 5 events, therefore no more are necessary.

4.3 Training and Evaluating the Test Cases

We analyze the results of our analysis for the three cases
targeting both the V,,;, and the severity values for the most

robust (Core 4) and the most sensitive core (Core 0) of the TTT
chip. We present the three representative test cases of our study
on the TTT chip, which are:

= 1t case: Predict Vomin of the most sensitive core

s 2" case: Predict severity of the most sensitive core

» 3" case: Predict severity of the most robust core
In our analysis, we call samples all the information vectors that
were used in our analysis and consist of the values of the
dependent and independent variables used in our regression
model. For all our experiments, we used the 80% of the population
of the samples as the training set and the rest 20% as the test set
for our prediction model. Finally, to evaluate the efficiency of our
prediction model (apart from the R® and the RMSE) we used as
baseline model the naive prediction, which is the average of the
target values (Vi or severity) of the samples of the training set.

4.3.11st case: Predict V,;, of the most sensitive core: In our
first case study, we evaluate the correlation of the performance
counters with the V,,;, of the individual cores of the three chips.
We discuss the results of our analysis in Core 0 that is the most
sensitive core of the TTT chip. For our analysis, we used 40
samples for each core, which come from the full execution of 26
benchmarks from the SPEC CPU2006 suite with all of their input
datasets (3 of them could not run correctly). Each sample consists
of all the performance counters of each benchmark, while the
target value of the model is the Vi, In general, the prediction
model of the V,,;, for the individual cores gives us a good RMSE
result (error equals 5mV or 0.51% of the nominal voltage), but the
R for that case is close to 0 which indicates that a small
proportion of the variance in the dependent variable is
predictable from the independent variables. Moreover, we
observed that due to the narrow unsafe area observed (in Core 0
it is between 910mV and 885mV), the naive prediction (using the
average values of the training test) is equally efficient to predict
the me.

4.3.22nd case: Predict severity of the most sensitive core: In the
next two cases, we evaluate the efficiency of a linear regression
model targeting the severity of an individual core as was defined
in subsection 3.4.1. Firstly, we illustrate the results of our analysis
for the most sensitive core of the TTT chip (Core 0). For our
analysis, we used 100 samples from the unsafe region that were
observed during the characterization phase. Each sample
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corresponds to each reduction step of 5mV that was used during
the characterization phase and consists of the microarchitectural
counters running the benchmark in the nominal conditions and
the voltage value of the characterization step. The target of our
prediction model is the severity of Core 0 for a particular voltage
value. Figure 7 presents the results of the prediction (blue line)
and the test samples (black dots in the graph). The RMSE of the
linear regression after the selection of the 5 most effective
features with the RFE is 2.8 Severity units, while the RMSE of the
naive approach of using the average of the test dataset is 6.4
severity units indicating that our model is more efficient than
both the baseline naive approach for severity values and for the
1% case concerning the V,,;, point. Moreover, the R for this case
is very high 0.92 (very close to 1) that indicates that the linear
model with the selected features is able to predict a large
proportion of the variance in the dependent variable.
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Figure 7: Severity prediction for most sensitive core (core
0).
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Figure 8: Severity prediction for most robust core (core 4).
4.3.33rd case: Predict severity of the most robust core: Finally,

we present the results of our analysis for the most robust core of
the TTT chip (Core 4). For our analysis, we used 90 samples as
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were presented in subsection 4.3.2, but now the target of our
prediction model is the severity of Core 4 for a particular voltage
value. Figure 8 presents the results of the prediction (blue line)
and the test samples (black dots in the graph). The RMSE of the
linear regression after the selection of the 5 most effective
features with the RFE is 2.65 severity units, while the RMSE of the
naive approach of using the average of the test dataset is 6.9
severity units indicating that our model is more efficient than the
baseline naive approach. Moreover, the R’ for this case is again
very high 0.91 (very close to 1, which means the best fit) that
indicates the efficiency of the linear model.

4.4 Undervolting Effects Mitigation

By combining our findings from the three test cases, it is clear
that the prediction model using the severity values instead of a
static V,,;, point is more efficient in predicting the safe V,;, for
each workload, as well as giving a flexibility to the predictor to be
more aggressive due to the knowledge of the unsafe region. A
static Vi, point does not contain any information about the
severity of operating at voltages below the safe V,,;,, but severity
does so. Therefore, having knowledge about the severity below
the safe V,,;, for each workload, the predictor can decide if it is
possible to be more aggressive to set the voltage below the safe
Vimin» and thus, to save more power. We can also notice that the
prediction based on the severity, not only is more efficient than
the V,,;, point alone, but it also shows that it can fit effectively for
each core, taking into account the process variation. The two
different cases 2 and 3 (one for a sensitive core and one for a
robust core) demonstrate that the linear regression model for
severity values can be effective regardless the core-to-core
variation (and consequently the chip-to-chip variation).

Depending on the actual characterization findings (V,,;, and
severity) or the corresponding predicted values for a CPU core
during undervolting, certain hardware-based or software-based
mitigation approaches can be employed to maximize the energy
savings while preserving the correctness of program execution. '
The primary aspect that determines the most suitable approach is
the first observed (or predicted) effect as undervolting goes down
the voltage levels. We select the following behaviors using the
severity function described in subsection 3.4.1 and used as the
target function in the prediction. For each case we describe the
behavior, discuss the severity function values and corresponding
mitigation approaches.

Nothing abnormal (severity=0). The voltage
predicted to be safe (above the V,,;, of a core); no mitigation

range is

action is required. System operation in this range is the most
conservative option and no mitigation provision is needed.
Energy-savings are the minimum.

! Note that our severity metric and prediction mechanism can be used
above existing circuit-based techniques such as adaptive clocking. For
instance, in the mechanism proposed in [38] adaptive-clocking can reduce
the voltage at which SDCs occur. The frequency with which adaptation is
deployed can be an input to our framework, thereby limiting the potential
for performance degradation due to excessive deployment of adaptive-
clocking induced frequency slowdown.
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Corrected errors first (severity=1). This is a voltage range
with predicted behavior as the one observed in [9, 10] for Intel’s
Itanium (not in our X-Gene 2 machine). In such a case, ECC
hardware serves as a proxy for abnormal behavior due to
undervolting but program operation is still correct. Significant
energy savings can be obtained without any mitigation other
than the ECC correction but going further down the voltage is
risky.

SDCs alone (severity=4) or with corrected and uncorrected
errors (severity=5-7). Voltage ranges with these predicted
behaviors generate incorrect program outputs and require extra
mitigation approaches. The characterization of our X-Gene 2
system shows that the first abnormal behavior generated by
undervolting belongs here for the majority of benchmarks and
corrected errors as observed in [9, 10] do not appear first alone in
our system. In particular, the cases where SDCs appear alone
(severity=4) are the worst ones since there is no indication about
the malfunction of the system; these areas should be avoided.
When an eventual SDC (output mismatch) is accompanied by
corrected or uncorrected error notifications, recovery actions can
be employed such as rollback to a previously stored check-point
or program re-execution in safe voltage and frequency
combinations. There are also many applications that can tolerate
SDCs and benefit from the severity function. These applications
are (1) approximate computing algorithms, (2) video streaming
and other image and video processing, (3) security oriented
applications such as jammer attacks detectors, etc. These
applications are tolerant to faults, as they have minor impact on
the returned output. For such applications, severity <=4 can be
used for improving energy efficiency.

Application and system crashes with or without corrected and
uncorrected errors (severity 8-19). Voltage levels with this
predicted behavior (the result of massive hardware malfunction)
are well beyond the limits of cores operation in undervolted
conditions. Application or system unresponsiveness is systematic
in these ranges and unless serious hardware re-design is
employed these ranges are unusable.

5 ENERGY-PERFORMANCE TRADEOFFS

Since the linear regression analysis using the severity values
seems very promising, comprehensively training the predictor
with lots of data is necessary to guarantee the accurate prediction
of any different program and dataset during the normal
microprocessor operation. Further, one major challenge for the
predictor is to be able to fit effectively on different cores and
chips (due to process variation). As our analysis in the previous
section shows, the linear prediction model is very efficient and
accurate, by taking into account the process variation. However,
process variation may lead to conservative energy savings while
the microprocessor operates with real workloads. For that case,
the predictor takes into account the different behaviors of each
core in the microprocessor chip derived by the characterization.
For instance, assume the TTT chip whose PMD 2 (cores 4 and 5)
is the most robust and the PMD 0 (cores 0 and 1) is the most
sensitive, for the majority of benchmarks. Consequently, the
predictor not only sets the voltage according to the current
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workload (by monitoring the 5 representative performance
counters), but it can also guide task scheduling so that tasks are
assigned first to more robust cores to obtain higher power
savings.

Note that the X-Gene 2 chip has one common power domain
for all PMDs in the microprocessor, while the frequency
granularity is per PMD (pair of cores). This means that, in a
multicore execution, when for instance 4 workloads run on the
system (two processes in PMD 0 and two in PMD 2), the predictor
sets the voltage according to workload run on the most sensitive
PMD (cores 0 and 1). Consider for example the leslie3d
benchmark, as shown in Figure 4: the most robust PMD has safe
Vmin at 880mV, while the most sensitive PMD at 915mV in 2.4
GHz. By setting the voltage of the microprocessor chip at 915mV
(for correct execution of all workloads), the measured energy
savings will be 12.8%, while the most robust core could have
19.4%. On the other hand, considering again the TTT chip, by
setting the frequency at 1.2 GHz, both robust and sensitive cores
have safe V},;, at 760mV, which means 69.9% energy savings, but
with 50% performance loss.

The performance/energy trade-off though, can result in
several energy saving steps. The predictor can monitor the
architectural events separately for each core. According to the
worst-case behavior of the core-benchmark pair, the predictor
can decide what is the safe voltage for all the cores, which is
practically the maximum among them. Therefore, depending on
what program runs in any core, the predictor can recognize the
core, in which the program can safely operate at the highest
voltage. According to the predictor’s decision the voltage can be
set to the safest (highest) V.

100%
_100% 5% /_. 100% - 980mV
3 . 87.2% - 915mV
g 80% : / 73.8% - 900m\V/

0,
3 62.5% / 61.2% - 885mV
S 60% 50% 49.8% - 875mV
g ¥ 37.6%-760mV
40%
20%  40% _ 60% _ 80%  100%
Power (rel)

Figure 9: Tradeoffs for a workload of 8 benchmarks.

Figure 9 shows the potential savings for the case that 8
different benchmarks run simultaneously: bwaves, cactusADM,
dealll, gromacs, leslie3D, mcf, milc, namd. By exploiting the
predictor's results, 12.8% power savings can be obtained by
adjusting the voltage to the TTT V,,;, without performance loss.
Alternatively, the frequencies of the 2 weakest PMDs (0 and 1)
can be reduced to 1.2 GHz (resulting in 25% performance loss)
which will allow further reduction of the supply voltage to
885mV and energy savings up to 38.8%. Therefore, the predictor,
apart from predicting the safe V,;, it can also assist task
scheduling in conjunction to frequency scaling according to the
current workload on the system to further improve energy
efficiency.
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6 DESIGN ENHANCEMENTS

Undervolting characterization studies such as the one we report
in this paper can be used to provide hardware design
recommendations for enhancements if the system (or its future
revisions) is to be used in scaled voltage conditions for energy
efficiency. There are some key hardware design guidelines that
our analysis delivers for a system with similar behavior as the X-
Gene 2 machine:

Stronger error protection. SECDEC ECC protection at the
lower levels of the memory hierarchy does not provide enough
protection at lower voltages. If (a) stronger ECC codes are
employed [21, 22] and (b) more blocks are protected, SDC
behavior with or without errors will have significant probability
to be transformed to corrected errors behavior similarly to [9, 10].
Employing stronger ECC protection has been also reported in
[23] for scaled voltage operation.

Hardware detectors. If stronger ECC protection is too costly
other types of hardware support can be employed for voltage
emergencies detection such as the skitter circuit [24 - 26] also
cited in [17] or the monitoring circuits used in Power7+ designs
[7].

Finer-grained voltage domains. Our characterization study
shows that the coarse-grained voltage domains design of X-Gene
2 (a single voltage domain for all 8 cores) reduces the potential of
energy savings since the voltage value of the domain is
determined by its weakest core (the one with the higher V,,;,). If
each PMD was designed to operate on a separate voltage domain
(similarly to the independent frequency domains per PMD) more
aggressive voltage scaling (and energy savings) would be have
been possible.

Of course, all the above hardware design modifications have
their own design complexity, area and performance implications
which must be jointly considered with the potential of energy
savings through undervolting.

7 RELATED WORK

Recently, the goal for improving microprocessors’ energy
efficiency, by reducing their supply voltage is a main concern of
many scientific studies. For example, Ketkar et al. in [27] and Kim
et al. in [28, 29] propose methods to maximize voltage droops in
single core and multicore chips in order to investigate their
worst-case behavior due to the generated voltage noise effects.
Studies of Gupta et al. in [30] and Reddi et al. in [17] focus on the
prediction of critical parts of benchmarks, in which large voltage
noise glitches are likely to occur, leading to system malfunctions.
In the same context, several studies either in the hardware or in
the software level were presented to mitigate the effects of
voltage noise [4, 24, 31 - 33] or to recover from them after their
occurrence [34]. Gopireddy et al. in [35] presented a core that
was designed for voltage scalability that can work in high-
performance mode at nominal Vy; and in a very energy-efficient
mode at low V.

Apart from these studies that are mainly concentrated on the
core and the voltage droops, Bacha et al. [9, 10] focus on the
observation of the errors manifested on caches of a commercial

G. Papadimitriou et al.

Intel Itanium processor during the execution of benchmarks off-
nominal voltage values. Papadimitriou et al. in [36] presented an
experimental study that aims to identify the voltage margins in
two different commercial x86-64 microprocessors; an ultra-low
power and a high-end microprocessor. The authors in this work
present the guardbands of these microprocessors, and compare
them to the power and temperature savings, when they operate
beyond nominal voltage conditions. Moreover, Wilkerson et al.
[21], Chishti et al. [22] and Duwe et al. [23] propose several
microarchitectural approaches to ensure the correct operation of
caches in ultra-low voltage conditions. The characterization
studies of commercial chips in off-nominal voltage conditions are
limited [8 - 11, 37, 38] strengthening the purpose of the existence
of our proposed framework that targets the APM X-Gene 2
micro-server. Similar characterization effort for emerging ARM-
based enterprise server systems is sparse. Authors in [39 - 42]
from ARM Research developed an electrical simulation
framework for power-delivery analysis and used an on-chip
voltage monitoring circuit to characterize supply voltage droops
in a dual-core ARM Cortex-A57 cluster operating at 1.2 GHz.
Regression analysis has been used in many performance and
power studies [43 - 45], as well as in reliability estimation
concerning soft errors [16, 18].

8 CONCLUSIONS

We presented a comprehensive characterization study of the X-
Gene 2, a commercial 8-core 64-bit ARMv8 chip fabricated on
28nm provided by AppliedMicro (APM) when it operates in off-
nominal voltage and frequency conditions. Our characterization
revealed large voltage margins that can be translated into
significant power savings and also large V,,;, variation among the
8 cores of the chip, among 3 different chips (a nominal rated and
two sigma chips), and among different benchmarks. Moreover,
the combination of our characterization results with a simple
prediction scheme using a linear regression model that can guide
task scheduling can lead to 19.4% energy savings without loss of
performance, while with 25% performance loss we can achieve
38.8% energy savings in total.
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