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Abstract—Accelerators that take advantage of analog circuits for in-memory
processing have become a major research topic in recent years. These systems
have the potential to provide performance and efficiency beyond what is achievable
from conventional digital systems. However, the fundamental differences between
analog and digital computation means that using digital abstractions to design
analog architectures often leads to systems that are not robust to uniquely analog
sources of error. This paper discusses the pitfalls of popular design choices for
analog systems that are based on digital abstractions. To replace these misused ab-
stractions, we suggest a set of guiding principles that better leverage the properties
of analog systems to jointly improve system accuracy and energy efficiency.

nalog computing, which directly leverages

physical laws to process continuous-valued

analog signals, is a more primitive and energy-
efficient form of computing than digital computing. This
has attracted a resurgence in interest in analog pro-
cessors, particularly for machine learning applications.
However, a return to analog computing is not without
its perils. The myriad sources of noise and errors that
bedevil analog systems are one of the main reasons for
the dominance of digital computation today. Therefore,
in designing analog processors for a new age, it is
tempting to apply lessons that have been learned from
decades of designing digital systems.

Abstractions that are valuable for digital design are
often ineffective or even counter-productive when ap-
plied to the analog domain, leading to reduced energy
efficiency and unacceptable accuracy. In this paper, we
highlight several prominent examples of such pitfalls,
specifically for analog processing-using-memory accel-
erators. Rather than rely on digital abstractions, we
encourage system designers to let analog be analog:
capitalize on the unique properties of analog devices
and circuits, rather than fight them with extensive digital
processing.

This paper focuses on analog accelerators for ma-
trix vector multiplication (MVM), which compute inside
arrays of programmable memory devices (Figure 1).
These accelerators have been widely explored for
low-power deep neural network (DNN) inference [1],
but have broader applications in linear algebra. The
memory device states are programmed to represent
the matrix elements, while applied voltages to the rows
encode the elements of the input vector.! After the
voltages are applied, the dynamics of the analog circuit
perform the fully parallel computation of an MVM. In
a current-domain MVM, each memory cell draws a
current that is the product of a programmed conduc-
tance and an applied voltage, and these currents are
summed by Kirchhoff’s law along each column. The
resulting currents represent the dot products, which
are then converted to digital values by analog-to-digital
converters (ADCs).

These analog-domain multiplication and summa-
tion operations are performed on continuous-valued
signal and noise components. Therefore, both the
signal and noise grow with the number of terms in the
sum. Furthermore, the multiplications and summations
are not guaranteed to be perfectly linear.
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"In this paper, we use rows to refer to the input dimension of
the MVM array and columns to refer to the output dimension.
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FIGURE 1. Current-domain analog MVM operation for com-
puting Ax — .

In this paper, we focus on two major sources of
error in the analog domain: random conductance errors
in the programmable memory devices, and parasitic
IR drops caused by the resistance of the array in-
terconnects. Although these are just two sources of
analog errors, they allow us to demonstrate important
observations about analog accelerators. Random con-
ductance errors are representative of a broad range of
error characteristics including the precision of device
programming, device noise, temporal drift, and process
variation. Parasitic IR drops result from current flow
across the non-zero resistance of row and column
interconnects, reducing the applied voltage across
memory devices. These drops accumulate along the
rows and columns, leading to errors that are spatially
non-uniform and coupled between different devices.

In a digital system, one can safely assume that a
function will deterministically produce the correct re-
sult if the operands are correct. This allows digital
designers to choose low-level implementations and
data representations to optimize performance without
compromising correctness. For analog systems, it is
generally unrealistic to assume functional equivalence
between hardware design choices. In the analog do-
main, functions are not exact implementations, and
are sensitive to small non-idealities in their specific
circuit implementations. Moreover, must be treated as
random variables, with distributions depending on data
mapping to analog quantities and can change over
time. These complex errors imply that in general, as-
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sessing whether an analog system produces accurate
results requires physical implementations or realistic
simulations.

These mismatches in the computational model
mean that arguments to design analog processors
based on computational equivalence with digital sys-
tems may not hold. We demonstrate these pitfalls by
studying three design choices in the analog accelerator
literature.

We use CrossSim [2] to evaluate the precision
of analog MVMs. To represent a realistic workload,
we use the weight matrix for layer 44 of ResNet-
50 with input vectors from ImageNet classification.
In the following results, we use two generic forms
of device conductance error: state-independent and
state-proportional error, following our previous work [3].
The conductance error from target, AG = G — Giarget,
is modeled per device as:

AGind = X N(O, 1) X (Gmax — Gmin) (1)
AGprop =a x N(0,1) x Gtarget (2)

where Gmin and Gmax define the accessible conduc-
tance range and « is the error magnitude.

Representing Negative Matrix Values

A key design decision for an analog MVM acceler-
ator is how to represent negative matrix values, as
programmable memory cells cannot have negative
conductance. A natural approach is a differential pair
of cells passing current in opposite directions, where
the conductance difference represents a signed value.
Typically, one cell in each pair is programmed to 0 and
the other to the target value; for example -7 would
be represented as zero on the positive device and
7 on the negative device. Another approach is offset
subtraction, which adds a fixed offset to each value so
that it can be mapped to a single positive conductance;
this offset is then subtracted from the MVM result [4].
From a digital perspective, this transformation is valid,
and is directly analogous to the offset binary represen-
tation for integers and the exponent bias in floating-
point numbers.

However, as shown in Figure 2, these two ap-
proaches produce dramatically different levels of error
in the analog MVMs when realistic analog hardware
properties are considered. We simulate an array with
576 rows, partitioning the 4608x512 weight matrix
across eight arrays. Error is evaluated on the partial
dot products from each array.

In Figure 2, the error is split into two regimes.
At low conductance, it is dominated by conductance
programming errors. At high conductance, parasitic
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FIGURE 2. MVM error as a function of cell conductance with
differential and offset mapping for negative numbers using
cells with an on-off ratio (Gmax/Gmin) Of 20, a 1% state-
independent conductance error, and a 0.35Q2 parasitic wire
resistance between the cells along both the rows and columns
of the array [5]. To evaluate the general case where the
input elements can also be negative, we randomly flipped
the sign of the input elements to layer 44 of ResNet-50,
which are otherwise non-negative due to RelLU activations.
The subtraction of the offset is assumed to be done in digital.

IR drops dominate, and the error increases rapidly
with conductance due to increasing summed currents.
Though both regimes are present using either scheme,
the transition point differs substantially. With offset
subtraction, the transition is at Gmax ~ 0.5uS: practi-
cally all existing memory devices would be parasitics-
limited. When using differential cells, the transition is at
Gmax ~ 50 uS: with this 100x higher threshold, many
published memory devices would not be parasitics-
limited.

This difference arises from how the two schemes
affect the programmed device conductances. When
using differential cells, half of the cells—corresponding
to the unused sign of each element—will always be
programmed to Gnin. Of the remaining cells, the mean
conductance will be the mean absolute value of the
matrix. By contrast, when using offset subtraction,
assuming zero-centered matrix values, the mean cell
conductance is at the midpoint of the conductance
range. This higher per-element conductance leads to
higher column currents, inducing larger IR drops for
the same device technology. Without changing the
negative number representation, the only way to miti-
gate this error is to use a smaller array, which heavily
reduces energy efficiency, as discussed in the next
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section. The remaining results in this paper will there-
fore use differential cells for negative matrix elements.

Sizing ADCs for Digital Precision

To avoid quantization errors from the finite precision of
ADC circuits, many papers use what we refer to as the
full-precision guarantee (FPG) to size ADCs relative to
other system parameters. It assumes a digital model
of an MVM, and sets the ADC resolution to:

{BW+B,-,,+/og2N if By > 1,8, > 1
Bout =

(3)

Bw + Bjp + logoN — 1 otherwise

where By is the bits per cell, B, is the digital-to-
analog converter resolution, and N is the number of
accumulated values in analog. This equation computes
the minimum number of bits required to uniquely map
each possible digital result to a different ADC out-
put. When the ADC resolution falls in the 6—10-bit
range that is common for analog MVM accelerators,
the FPG requires small arrays and/or aggressive bit
slicing. Both choices increases the number of ADC
operations needed to compute the full MVM, penalizing
the latency and energy efficiency.

The FPG fundamentally mismatches to the behav-
ior of realistic analog systems. First, circuit parasitics
and non-linearities break the assumption of a linear
MVM. Even ignoring such effects, the FPG imposes
a digital understanding of error accumulation. The
discrete nature of digital arithmetic ensures that if each
multiplication is computed correctly, then the sum of
these products will be deterministically correct. How-
ever, analog signals are not discretized; small random
errors that may not cause any individual multiplication
to be incorrect can still accumulate to a large dot
product error. When the expected error in the analog
dot product exceeds half the ADC level spacing, the
core assumption of the FPG breaks down. A set of
inputs that should result in a specific digital result can
now produce multiple different ADC outputs.

Ensuring the FPG’s validity requires analog system
designers to work within a tightly constrained design
space. Figure 3 shows how the RMS error of analog
dot products grows with ADC resolution, when the level
spacing is set by the FPG. The error is expressed in
units of ADC least significant bits (LSBs), and each
additional ADC bit implies a doubling of N since the
LSB is set by the minimum non-zero current through
an ideal cell. When computing MVMs on dense inputs
(50% input sparsity), the dot product error exceeds
0.5 LSB after accumulating just 16 values. In this
case, even relatively small arrays (e.g. 128x128) are
expected to have errors on multiple outputs per MVM.
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FIGURE 3. Effects of ADC sizing using the FPG on (a) MVM-level precision; (b) ADC range utilization. RMS precision and
utilization are evaluated for 1000 MVMs between a 4096 x 512 matrix and a 1 x 4096 input vector for a system with 2 bits
per cell (3 bits per differential pair), 1-bit input slices, and 4% state-independent error. The error is expressed in units of ADC

(LSBs), which is equivalent to the number of level spacings.

For sparse inputs—corresponding to deep DNN
layers or higher-significance input slices—the error can
stay under 0.5 LSB up to large array sizes. However,
as shown in Figure 3(b), only a small fraction of the
ADC'’s levels are utilized in this case. A lower-resolution
ADC than prescribed by (3) could provide the same
accuracy for these layers. This was demonstrated by
RAELLA, which used FPG-based level spacing but a
lower ADC resolution [6]

Therefore, the FPG imposes significant unneces-
sary restrictions on analog system designers while
failing to truly simplify the design process—because
detailed accuracy simulations are needed to deter-
mine its validity. An alternative guiding principle to the
FPG is to design the ADC level spacing to quantize
the incoming signals with minimum distortion [3]. The
minimization is done across the statistical distribution
of signals that are quantized by the ADC, and thus
depends on the target workload. This approach is
broadly generalizable; however, it requires accurate
characterization of the signals distribution seen by the
ADC.

Digital Checksums for Analog MVMs

Several recent papers have proposed error correction
and detection schemes for analog MVMs based on
variations of digital checksums [7]. Their usefulness,
however, is limited by the mismatch between analog
and digital error models. In digital systems, errors are
rare and frequently cause large changes; for instance,
a flipped bit in a data word. By contrast, in analog
systems, errors relative to the correct digital value
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are smaller but more prevalent, leading to a poor fit
with digital-inspired correction techniques. For exam-
ple, when the analog dot product has an RMS error of
0.5 LSBs, the probability of error in the ADC output is
32%. Even when the RMS analog error is 0.25 LSBs,
4.5% of the ADC outputs will be in error.

Prior work on analog error correction often focuses
on stuck-at-faults—where a cell is permanently stuck
in one state—as sources of large isolated cell errors
resembling digital faults. However, they often ignore
the much more common case of small conductance
errors accumulated over many cells. This implicitly
assumes that the non-faulty devices are unrealistically
precise. Though stuck-at-faults are important, focusing
purely on them heavily restricts the applicability of the
proposed schemes.

Error detection and correction for analog systems is
nonetheless an important research topic. Architectural
mitigations for analog errors such as drift and IR
drops can be just as important as device- or circuit-
level error reductions, and the field is ripe for novel
solutions. These schemes should focus on the unique
dynamics of analog hardware, rather than imposing
digital assumptions on analog errors.

Abstractions are valuable for reasoning about and de-
signing complex systems. Despite its pitfalls, the FPG
coupled several hardware parameters constraining the
design space of analog accelerators. To replace digital-
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FIGURE 4. Effects of array size on (a) MVM error, with (b) four example devices. Error is evaluated on 100 convolution operations
using inputs to ResNet-50 layer 44, sampled from the ImageNet test set. These convolutions produce 10M to 642M partial dot
products, depending on array size. Errors are normalized to a signal range for each array size that contains 99.99% of the true

partial dot products.

inspired abstractions, we present three analog-inspired
principles for the design of analog MVM accelerators.

These principles are based on the observation
that the primary energy bottleneck in analog systems
is converting raw analog quantities from the array
into digital output?. RAELLA formalized this as the
Titanium Law of analog systems [6], defining ADC
energy per DNN inference as the product of ADC
operation energy, ADC operations per MAC, MACs per
DNN, and an array utilization factor [6]. All of these
terms can be influenced by architectural design, but we
focus on reducing energy by maximizing the number of
MACs per ADC operation. Importantly, this needs to be
done while meeting application-level accuracy targets,
without necessarily achieving identical dot products as
digital systems.

Use Large Arrays

At maximum, an array with N rows can perform N
MACs per ADC operation. By the Titanium Law, in-
creasing N produces a linear increase in energy effi-
ciency, assuming full array utilization. Therefore, arrays
should be made as large as possible, and devices
should be engineered to support MVMs that fully lever-
age large arrays.

2We refer to this as an ADC operation, though it may involve
the use of other peripheral circuits such as transimpedance
amplifiers.

Month 2025

However, the size of the array is not unbounded.
Summing more analog values per column results in
a wider distribution of dot product errors, potentially
reducing application accuracy. Another major limiter
of array size is parasitic IR drops, which contribute
errors that increase super-linearly with array size [3].
To understand the impact of these effects, Figure 4a
shows the MVM-level accuracy for the same layer as
the previous examples, again assuming a parasitic re-
sistance of 0.3592 between cells. How errors grow with
array size depends on the memory device properties;
therefore, we analyze these trends across the four
different devices in Figure 4b with properties roughly
modeled after existing memory technologies.

Figure 4a shows that for every device, there are
two distinct error regimes with array size. For small
arrays with relatively small summed currents, the error
is limited by conductance errors. Here, Devices A and
B with state-proportional error have lower MVM-level
errors than Devices C and D with state-independent
error. This is because the distribution of weight values
in a typical DNN matrix—and hence the resulting con-
ductance values—tend to be concentrated near zero,
so state-proportional error properties lead to smaller
conductance errors on average. For larger arrays, the
error is limited by parasitic IR drops due to the larger
accumulated currents. Here, the differences in error
between the devices are driven by their conductance
ranges. Device A has the least error in this regime due
to its lower conductance and high On/Off ratio, while
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FIGURE 5. Effect of ADC resolution on MVM accuracy using Device C with different levels of weight bit slicing, (a) without
parasitic resistance; (b) with parasitic resistance. The per-slice MVM results are separately digitized using an ADC range per
slice based on the 99.99" percentile of the analog partial dot products from a profiling simulation [6] then accumulated. Error
is evaluated on partial dot products after accumulating weight slices but before aggregating matrix partitions.

Devices B and C have convergent errors at large array
size due to their identical conductance ranges.

A major lesson from Figure 4a is that to enable the
efficiency of large arrays, memory device researchers
must develop devices with low conductances and high
On/Off ratios. For architects, new techniques to reduce
or compensate for parasitic IR drops can improve sys-
tem efficiency and accuracy. These techniques could
include improved array topologies, modifying the pro-
grammed conductance targets, digital corrections, or
exploring other system tradeoffs. Notably, in Figure 4a,
the devices were assumed to behave as linear resis-
tors. However, the effect of IR drops also depends
on the I-V nonlinearity of the memory device, and
practical compensation schemes must consider this
complicated interplay.

Avoid Weight Slicing
Bit slicing splits the bits of a full-precision value across
multiple programmed conductances (weights) or ap-
plied voltages (inputs). Bit slicing rapidly incurs energy
overheads, multiplicatively increasing the number of
ADC operations per MAC by the product of the number
of input slices and weight slices. Such overheads might
be tolerable if slicing-based optimization like the FPG
provided digital levels of accuracy; however, as shown
in Figure 3 this is not the case. This raises a new
question: does bit slicing provide benefits without the
FPG?

Figure 5 shows how weight slicing affects MVM
errors, with the same simulation configuration as Fig-
ure 4a using only Device C and 576 rows. Unlike prior
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simulations, we evaluate the digitized dot products after
the ADC. We designed the ADC range to minimize
signal distortion, similar to prior work [8], using a
separate set of inputs for calibration. With increasing bit
resolution, the range remains fixed while level spacing
is decreased. This approach makes the ADC’s effect
on accuracy intuitive. At low resolution, the ADC’s
quantization error dominates the MVM error. Beyond
~6 bits, the level spacing is below the level of analog
noise and finer ADC resolution provides no further
benefit.

Without including the effect of parasitic IR drops
(Figure 5(a)), finer weight bit slices benefits MVM pre-
cision. This stems not from the increased conductance
level spacing within a slice, but from how errors in
different slices cancel when summed [9]. For 6- to 10-
bit ADCs, the gap between unsliced MVMs (8 bits/cell)
and fully sliced MVMs (1 bit/cell) amounts to an RMS
error improvement of 0.76% of the signal range. This
modest improvement comes at the cost of 8x more
ADC operations.

The comparison worsens for bit slicing when
considering realistic parasitic resistance effects (Fig-
ure 5(b)). The order of the curves is inverted, and
the unsliced case now has the lowest error due to
differences in the conductance distributions. This is
because bit slicing causes more cells to be mapped
into higher conductance portions of the value range,
leading to larger IR drops. For example, when the value
7 (0x00000111) is mapped using 2-bit slices, the least-
significant slice will be near the max cell conductance
(0x11) and the next slice will be % of the maximum cell
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FIGURE 6. Accuracy of computer vision CNNs using direct weight transfer without retraining with an increasing number of
MACs computed using analog MVMs: (a) ResNet-50 on ImageNet classification, and (b) YOLOv9-C on COCO object detection.
Conductance errors corresponding to the characteristics of SONOS [10], PCM [8], and ReRAM [11] are applied starting from
the last layer backward, whole layers at a time. Error bars show the standard deviation over 20 runs. The accuracy of the two
CNNs with ideal devices in all layers is 76.3% (ResNet-50; 50,000 test images) and 51.8% (YOLOv9-C; 5000 validation images),
respectively. Even with ideal devices, the simulations included 8-bit quantized inputs, 8-bit ADCs, and arrays with 1152 rows.

conductance. By contrast, the unsliced cell would be
programmed to % significantly smaller than either of
the two slice conductances.

These results provide a strong justification against
weight bit slicing where it can avoided. Although bit
slicing can reduce errors in some cases, the reduction
is unlikely to justify the substantial increase in ADC
operations. In some situations, bit slicing is necessary,
such as inherently binary memory or applications that
require more precision than available in the conduc-
tance targets. Future work should explore how to opti-
mally use bit slicing in these cases.

Accumulate in Analog
The motivation for input slicing is different from that for
weight slicing. For many types of memory cells, accu-
rate MVMs are possible only with binary voltage inputs
due to the nonlinear current-voltage relationship of the
cell, which causes the conductance to depend on volt-
age. With conventional digital accumulation, an ADC
operation is performed for each (input slice)x (weight
slice) combination, and these results are combined
using digital shift-and-add operations. Analog accu-
mulation means that these shift-and-add operations
are partially or fully performed directly on the analog
signals, thereby requiring fewer ADC operations per
MVM and providing substantial efficiency gains.
However, analog accumulation introduces new
challenges. Analog accumulation requires multiple new
analog components such as capacitors—subject to
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process variation—and amplifiers consuming addi-
tional energy and with nonlinear responses and other
non-idealities [12]. Therefore, analog accumulation re-
quires careful management of additional analog error
sources and power-consuming components that can
cut into efficiency gains. We emphasize analog accu-
mulation as it follows directly from our philosophy of /et
analog be analog, but unlike the previous two princi-
ples, its implementation is a relatively under-explored
research topic. Future work that fully demonstrates
these potential gains will significantly impact on the
efficiency of analog systems.

The properties of an algorithmic workload strongly in-
fluence its ability to efficiently utilize analog arrays and
its sensitivity to different sources of analog error. These
dependences are critical for informing researchers
about desirable hardware properties and what types
of algorithms that map effectively to analog systems.
In this section, we move beyond MVM-level errors and
focus on DNN inference workloads as an exemplar.
We have argued that large arrays are essen-
tial for maximizing MVM efficiency. But to maintain
high system-level efficiency, the workload should have
many large matrices that can fully utilize these ar-
rays.Notably, grouped or depthwise convolutions—
found in DNNs like MobileNet, and ShuffleNet—tend
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to map sub-optimally to analog MVMs because they
have relatively few terms per dot product, and there-
fore fewer MACs per ADC operation. Similarly, sparse
matrices like those found in neural networks with
unstructured pruning also significantly reduce system
efficiency. Large fully-connected layers and ungrouped
convolutions with large kernels and many input chan-
nels tend to have the best array utilization.

Furthermore, the emergent statistical properties
shared by many machine learning workloads allow
them to better tolerate some types of analog errors
better than others. The distribution of weight and input
values for any given neural network layer is often con-
centrated near zero [3]. Therefore, precision is most
important for low conductance states, which encode
the vast majority of weights.

This introduces a preference for memory devices
with certain error vs. conductance profiles, as illus-
trated in Figure 6. Here, inference accuracy is com-
pared between three published devices that have each
been demonstrated in MVM accelerators with an array
size of at least 256x256. Layers were gradually con-
verted from using ideal devices to realistic devices with
random conductance errors, starting from the last layer
of the network.® This shows the increasing impact of
analog error propagation through the layers of these
DNNSs.

What explains the gaps in accuracy between these
devices? SONOS memory, in its subthreshold regime,
has both a high On/Off ratio and programming errors
that scale linearly with conductance—i.e. it has true
state-proportional error, similar to Device A. Therefore,
it has vanishingly small error for the most frequently
used weights in these DNNs, thereby maintaining high
end-to-end accuracy on both tasks. Meanwhile, PCM
has errors that increase with conductance, but the
errors do not asymptotically approach zero at low con-
ductance, resulting in higher expected errors compared
to SONOS. The ReRAM device has broadly similar
error characteristics to PCM, but the errors are larger
than those for both PCM and SONOS over its entire
dynamic range.

The presence of sharp discontinuities in the accu-
racy of both DNNs in Figure 6 implies that some layers
are more sensitive to errors and act as bottlenecks
for accuracy. This suggests that analog error mitiga-
tion techniques in these particular layers might yield
disproportionately large benefits.

To support high inference accuracy using analog

3These simulations do not include the effect of parasitic IR
drops due to the high simulation cost of exact circuit solves.
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hardware with larger intrinsic errors, recent works have
explored hardware-aware training of ML models [5]. In
these approaches, analog errors are emulated during
DNN training to produce weights that can better toler-
ate these errors during inference. These methods can
fully or partially recover accuracy that would be lost
with a direct weight transfer approach, but success de-
pends on both the severity of errors and the complexity
of the task.

Beyond neural networks, tailoring applications to
the properties of an analog system may be beneficial.
For instance, some applications may allow modifying
the algorithm so that the programmed matrix weight
distribution better matches the error properties of a
given cell. Going a step further, since analog MVM
accelerators incur substantial costs from high-precision
ADC operations, designing applications to use lower
precision outputs than weights can help match the
relative energy costs. This further demonstrate the
potential of “letting analog be analog": developing opti-
mizations to uniquely leverage the inherent properties
of analog systems, rather than mapping applications
that were designed and optimized for digital hardware
onto analog systems.

We have focused solely on accuracy and efficiency.
However, these are only the first obstacles for analog
MVM accelerators. Avoiding the FPG and leveraging
analog-oriented principles to reduce ADC conversion
costs may reveal other inefficiencies. Although ana-
log arrays can process MACs more efficiently than
digital, the rest of the system—including memories
and interconnection networks—remains at digital levels
of efficiency. The resulting system may therefore be
bottlenecked by conventional digital operations and
data movement. Weight-stationary mappings can ex-
acerbate data movement energy costs.

Another important research direction for analog
MVM accelerators is programming models and ab-
stractions. While we argued against digital abstrac-
tions from a system design and analysis perspective,
programmer-friendly abstractions will be critical for the
broad adoption of analog accelerators. Analog systems
expose significant additional complexity to program-
mers, as datatype selection can affect accuracy and
efficiency. Frameworks that can optimize data repre-
sentations through a priori analysis or profiling can
help programmers manage these complexities. Effec-
tive solutions to both of these issues will be essential
for the eventual success of analog MVM accelerators
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and create ample opportunities for researchers across
the computing stack.

This article has been authored by an employee of Na-
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cable, world-wide license to publish or reproduce the
published form of this article or allow others to do so,
for United States Government purposes. The DOE will
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sored research in accordance with the DOE Public
Access Plan https://www.energy.gov/downloads/doe-
public-access-plan.
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