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Abstract

Smart sensors at the edge have the potential to become ubiqui-
tous, but for them to be effective, we must both (1) meet stringent
energy constraints while processing increasingly large amounts
of data, and (2) design devices that can sit for years in an envi-
ronment or on organisms without contributing to e-waste. To
address both concerns, we explore the feasibility of BRIE-RAM,
which performs processing-using-memory inside biodegradable
resistive RAM. We evaluate BRIE-RAM’s capabilities and short-
comings through a contemporary lens, and then discuss future
research needs and ethical issues to tackle in order to bring BRIE-
RAM to fruition.

1. Introduction

Modern edge computing paradigms are ushering in new capa-
bilities and use cases for smart sensing, where we potentially
embed edge devices integrated with environmental sensors to
monitor a wide range of conditions and phenomena. Applica-
tions for smart sensing are very diverse, ranging from wildlife
tracking [8,35] to crop and forest management [14,49] to traf-
fic planning [32] to disaster warnings [1]. With the advent
of modern radio technologies such as long-range wide-area
networks (LoRaWAN) [25], smart sensors can collect data,
coordinate with each other, and report back data with modest
networking costs.

However, a key obstacle to smart sensing remains the tight
energy constraints at the edge. A commonplace vision for
smart sensing is to install edge sensor devices ubiquitously,
and then to leave the devices at their location (or on their
animal) for years at a time, requiring ultra high energy effi-
ciency to survive off of battery power. Even with technologies
such as LoRaWAN, a pure cloud-based computational model
requires excessive data to be transmitted to the cloud, incur-
ring significant battery drain due to networking energy or
severely constraining the amount and type of data that can
be collected [9]. Unfortunately, while local data processing
(e.g., filtering, event detection) can eliminate the networking
bottleneck, conventional von Neumann architectures (which
have to date been the design of choice for smart sensors)
incur significant inefficiencies whenever they perform such
processing due to the high energy and performance costs of
CPU-memory data movement, which are orders of magni-
tude larger than CPU computation [2, 6].

An emerging solution for practical smart sensing is the use
of processing-using-memory (PUM) [41]. PUM is a non-von-
Neumann paradigm that exploits the electrical characteristics
of memory devices to perform computation directly within
the devices, allowing it to eliminate data movement overheads
across a wide range of data-intensive applications [15, 37,45,
46,51]. Effectively, across large memory chips, PUM exposes
potentially millions of ways of parallelism, which can be well

suited to many of the parallel data analysis techniques used
for smart sensing.

While PUM offers a potential solution to the strict energy
constraints of smart sensing, existing PUM works and pro-
totypes are made from inorganic materials such as silicon,
using forever chemicals, resulting in harmful e-waste both
during production and for chips left in their environment af-
ter their lifetimes expire [11,22]. Such e-waste is particularly
troubling for smart edge sensors, as we envision them be-
ing deployed in various settings from urban sewage systems
to remote rainforests, with few and often difficult avenues
for reclamation. Specifically, these devices are more easily
lost (e.g., forgotten, washed away, moved or consumed by
wildlife) compared to their warehoused counterparts. With
the number of wide-area devices expected to cross 5 billion
in 2026 and 8 billion by 2031 [44], expanding the reach of
ubiquitous computing threatens to expand the reach of ubig-
uitous e-waste. Collectively, the way we currently design,
maintain, and discard smart sensors promises to present a
critical sustainability problem for the future of computing.

Recent research on biodegradable memory devices offers
a potential path to sustainable PUM for smart sensing. As
ReRAM (resistive metal-oxide RAM) is a popular substrate
for silicon-based PUM [28,31,46,47,51], we examine whether
biodegradable ReRAM (bio-ReRAM) [38] devices are capable
of performing PUM. In this work, we explore three critical
questions about the potential of BRIE-RAM (Biodegradable
Reasoning Inside Edge RAM). First, we perform a preliminary
analysis of the state of multiple types of bio-ReRAM, and
whether their characteristics (e.g., I-V response, programma-
bility, ability to hold state) are amenable to PUM logic. Second,
we examine what future bio-ReRAM materials, device, and
architecture research should focus on to improve PUM suit-
ability. Third, we discuss potentially emergent ethical issues
that arise from using bio-ReRAM.

Our initial studies reveal that egg-based bio-ReRAM [4, 54]
exhibits characteristics most amenable for use in BRIE-RAM.
Our work reveals a challenging yet promising path towards
realizing the potential of BRIE-RAM as the foundations of a
sustainable smart sensor architecture.

2. Background: Processing-Using-Memory

To reduce data movement overheads, researchers have ex-
plored processing-using-memory (PUM), which can provide
both orders of magnitude performance and energy bene-
fits [15,40,42,46] compared to conventional von Neumann
architectures. The key mechanism behind PUM is its ability
to utilize the inherent electrical characteristics of the memory
devices to perform computation without the need to move
the data to a separate processing element.

Resistive RAM (ReRAM) is a common PUM-enabling mem-
ory technology that leverages resistance state to hold data.



The general structure of ReRAM consists of a functional ma-
terial (e.g., TaOx) sandwiched between two electrodes. To
operate the ReRAM device, a set/reset voltage (Vser/ Vyeser) 1s
applied to the device, which will cause it to switch from a
low-resistance state (LRS) to a high-resistance state (HRS)
or vice versa, respectively. One recent PUM architecture,
RACER [46,47], enables NOR- and OR-based Boolean opera-
tions using ReRAM devices. By applying a specific voltage
(e.g., VNor) to two columns in a memory array that each
store input vectors of data, the current along each row ap-
plies voltages to the devices in a third, grounded column.
This results in the third column storing an output vector that
represents the bitwise NOR of the two input vectors. Fur-
thermore, by leveraging the array structure of the memory
to process large vectors in parallel, RACER is able to achieve
substantial performance and energy benefits. These benefits
suggest that PUM architectures may be strong contenders for
environmentally friendly smart-sensor applications, which
are constrained by severe energy limits.

3. BRIE-RAM Requirements

We use the constraints of edge computing and PUM to estab-
lish basic goals for BRIE-RAM to be deployed at scale.

3.1. Application Goals

Our first architectural goal is minimal energy consumption.
This is one of the most important targets for edge sensor
devices. Sensors deployed in remote areas must either rely
on a single battery charge or energy harvesting sources such
as light [5,21] or radio waves (RF) [39]. As transmitting data
is one of the most energy-intensive tasks for a sensor, smart
edge sensors can significantly improve energy consumption
by using low-energy local computation to significantly reduce
the amount of data that needs to be transmitted across the
network. For example, image sensor devices can use local
computation to identify and filter out uninteresting images,
preventing them from being transmitted.

Our second architectural goal is tolerable application la-
tency. Several smart sensor applications require low latency,
such as wildlife tracking sensors designed to provide real-
time alerts when humans or animals approach each other’s
territories, as conflict between them may be imminent [8].
Others are designed to monitor the biodiversity of a region
over time, classifying different observed species [35]. These
may require only periodic updates and therefore can tolerate
relaxed latency constraints. For edge applications such as
filtering useful images, the latency of computation can deter-
mine the rate of image capture, as the computation occupies
too many resources (e.g., power, energy, memory) to capture
and buffer new images. BRIE-RAM should at least be able
to support periodic edge computing tasks without straining
these resources, though ideally with a roadmap to supporting
more latency-critical use cases.

3.2. Reliability Goals

Beyond its energy constraints, BRIE-RAM must be able to
have its bio-ReRAM devices operate correctly for the entire
desired lifetime. Our first reliability goal is the bit error rate
(BER) of BRIE-RAM. This is the rate of incorrect output bits
when performing PUM operations. The main source of BER
we examine is device-to-device variation in the voltages that

must be applied to a ReRAM cell in order for it to switch from
the HRS to the LRS or vice versa. Since ReRAM array periph-
erals apply a single voltage to the entire input and output
column of an array when performing PUM operations, the
resulting voltage applied to the output device may cause it to
incorrectly switch or fail to switch. While PUM is an emerg-
ing technology that does not yet have codified standards for
BER, we can use the JEDEC standard of 10~! uncorrectable
errors in data storage [23] as a target for BRIE-RAM to achieve
reliable computation.

BRIE-RAM-based smart sensors should be capable of oper-
ating with no maintenance for years or potentially decades,
making our second reliability goal the longevity of bio-
ReRAM devices. We use two metrics to evaluate this: (1) reten-
tion, the amount of time that data can be held in a memory cell,
which is effectively a measure of the device’s non-volatility;
(2) write endurance, the number of cycles for which a memory
cell can be reset and then set before data can no longer be
reliably read or written. Conventional ReRAM has shown es-
timated retention of up to 10 years [43] and write endurance
of 10'2 cycles [33].

4. BRIE-RAM Evaluation & Future Targets

We investigate the viability of deploying BRIE-RAM for real
applications based on prior work using three distinct bio-
ReRAM device substrates: (1) Egg, which uses a thermal-
baked egg albumen (i.e., egg white) functional material [4];
(2) Fiber, which uses a cellulose nanofiber paper functional
material [36]; and (3) Crystal, which uses a cellulose nanocrys-
tal functional material [20]. These substrates were chosen
based on available data regarding device characteristics and
variation, though we note that bio-ReRAM devices can be
made with a range of other materials [24, 26,38, 50].

4.1. Methodology

To evaluate how a BRIE-RAM architecture would operate, we
develop a detailed bio-ReRAM array-level model that captures
non-idealities in devices and circuitry. Our array level model
takes six key parameters that directly affect the behavior of
the PUM primitive: (1) the array size; (2) the on/off ratio, or
the the ratio between the device’s HRS and its LRS,! (3) the
cycle time, which determines the frequency; (4) the voltages
required to set (Vser) and reset (Vieser) the devices; (5) the vari-
ation in voltage required to induce switching (i.e., the mean
u and standard deviation o of observed necessary threshold
voltages); and (6) the coefficient of variation (CV), the ratio of
the standard deviation to the mean, where a higher CV indi-
cates a broader distribution. Table 1 shows these parameters
for the evaluated devices.

Note that as the array size increases, the magnitude and
duration of voltage pulses must be adjusted to correctly ac-
count for IR (current/resistance; i.e., Ohmic) drops along the
array’s wires. In our model, we account for these behav-
iors, and empirically determine the proper input voltages,
while still modelling the array-level behaviors (e.g., IR drop).
We use these parameters to simulate BRIE-RAM arrays of
size 32x32 and perform PUM operations using the RACER
architecture [46].

! A higher on/off ratio indicates greater resistance to noise.



Table 1: Simulated BRIE-RAM parameters.

Device |On/Off | Vi /|Freq. |p o CVv
Ratio | Viyeser |(kHz) | (set/res.)| (set/res.)| (set/res.)
Egg[4] |[~10° [-1/5 |10%[54]|-0.55/ |0.10/ |-0.17/
2.6 0.33 0.13
Fiber |~10° |1/-1 |1[52] |0.28/ |0.26/ |0.93/
[36] 022|056 |-2.55
Crystal [~10F [-1/1 |1[52] |-0.19/ |0.02/ |-0.10/
[20] 0.21 0.09 0.41

4.2. Application Challenges

As edge computing applications are moving towards
on-device Al [34], we investigate whether BRIE-RAM can
support such workloads. We estimate the cost of image clas-
sification using the LeNet-5 deep neural network (DNN) [29].
Since LeNet has a smaller memory footprint and simpler
computation than more recent DNN architectures such as
AlexNet [27] and ResNet [18], it is a good fit for lightweight
edge computing tasks [7,16]. We use reported metrics from
two baseline edge computing devices for our inference evalua-
tion: (1) Camaroptera (Cam) [9], an energy-harvesting image
sensing device that uses a TI MSP430 microcontroller to filter
captured frames with a LeNet-structured DNN; and (2) a
Raspberry Pi Pico (Pico), using an Arm Cortex-M0+ CPU [10].

Figure 1 shows the energy consumption of a single DNN
inference on each system. Egg BRIE-RAM has the lowest
energy usage at 0.27Xx and 0.54% that of the Cam and Pico
baselines, respectively. Crystal BRIE-RAM’s energy usage is
0.53% that of Cam and on par with Pico. This implies that
image filtering at the edge with BRIE-RAM can process mul-
tiple captured images at once while remaining within the
energy budget of prior work. We are currently investigat-
ing the sources of variation in energy consumption between
bio-ReRAM devices. Further optimization and co-design of
DNNs and BRIE-RAM architectures will be necessary to fully
leverage the parallelism of PUM while remaining within ac-
ceptable energy consumption limits.

10000

4530
£ 1000 -
>
o
@ 100 { 66
S 33 18 35
10 H - -
Cam Pico Egg Fiber Crystal
BRIE-RAM

Figure 1: Energy used for a single DNN inference.

Figure 2 shows the latency of a single DNN inference. The
extremely slow switching speed of cellulose devices affects
both Fiber and Crystal equally in terms of performance, re-
sulting in a projected inference time of 74 minutes. While
periodic tasks may be able to tolerate longer latencies, such
latencies are intolerable for image filtering, and would require
massive amounts of memory for buffering captured images
and providing the necessary parallelism to clear the buffers.
Egg, on the other hand, significantly improves upon Cam’s

inference latency, and approaches that of Pico even with a
10 MHz frequency. As the application pipeline used by Cam
cannot capture a new image until the current one has been
processed, its 12-second inference time causes it to miss many
images of interest [9]. Deploying Egg BRIE-RAM may even
prevent inference from being a bottleneck, as its latency beats
Camaroptera’s reported LoRaWAN transmission latency of
0.8 s. We note that BRIE-RAM has significantly greater oppor-
tunities to exploit data parallelism compared to Pico, opening
the path to further gains in application performance. Future
research will need to balance these gains with the pressure
that increased image processing may place on the system’s
energy budget.
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Figure 2: Latency of a single DNN inference.

While such improvements are not likely to be straightfor-
ward and may run into fundamental material limitations, this
analysis shows that BRIE-RAM does not have to reach the
nanoscale metrics of its inorganic counterparts to be useful.

4.3. Reliability Challenges

We survey prior work to examine if BRIE-RAM can meet the
reliability constraints necessary for PUM at the edge.

BitErrorRate. Although prior work has demonstrated that
bio-ReRAM can be used to realize Boolean primitives [50],
the work neglects to consider array-level implications (e.g.,
non-idealities in crossbar wiring and peripheral circuitry),
limiting their work to small-scale proofs of concept. Using
our bio-ReRAM array model, we examine the BRIE-RAM bit
error rate (BER) during execution of repeated bitwise OS-
CAR [47] NOR operations over a period of 10° cycles. While
some bio-ReRAM substrates have displayed on/off ratios ap-
proaching that of conventional ReRAM, from Figure 3 we
observe significant impacts from device-to-device variation.
Crystal has the lowest BER at 12%, while Fiber has a nearly
50% error rate. This can be explained by Fiber’s high coeffi-
cient of variation (CV) for Vjeset, which means that 34.7% of
the time Fiber devices require a positive Vi instead of the
negative voltage applied to switch the resistance state. Un-
fortunately, increasing the magnitude of the applied voltages
would not be able to solve this problem due to the mismatch
in polarity. Furthermore, dynamically applying a different po-
larity of Vjeser is incompatible with many PUM architectures,
which often apply the same voltages across entire wordlines
or bitlines to achieve parallel computation.

While lower set and reset voltages can help reduce the
energy necessary to carry out operations in BRIE-RAM,
these must come with much tighter ranges of variability.
Crystal uses the same magnitude of voltages, but with its low
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Figure 3: Bit error rate for NOR with bio-ReRAM.

CV, only 0.7% of Vyeser thresholds are of the opposite polarity
of Vieser- Using these rates of polarity mismatches as a design
heuristic can motivate device research to bring bit errors
down to the point that the architecture and software can
use approximate techniques for bio-ReRAM PUM systems,
based on those for conventional ReRAM [17, 19]. This
device-to-device variation is perhaps the largest roadblock
in the way of successfully deploying BRIE-RAM, and must
be addressed by collaboration across the computing stack.

Longevity. Figures 4 and 5 show results characterizing
write endurance and data retention, respectively, using data
reported by prior works [4,20,36]. Once again, we observe
that the BRIE-RAM results are far below those currently
achievable by conventional ReRAM. However, this is a con-
sequence of the methodology used by prior work: they show
that the devices remain in good condition with stable resis-
tance states following the reported cycling or retention time,
but do not report the point at which writes and reads fail.
Therefore, we are unable to draw meaningful conclusions
regarding the longevity of a BRIE-RAM architecture. Future
characterization of bio-ReRAM devices must test them to fail-
ure so an upper bound of reliable operation can be established.
This will enable architects to understand the true viability of
BRIE-RAM for long-term edge sensing applications.
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Figure 5: Data retention of bio-ReRAM devices.

5. Ethical Challenges of BRIE-RAM

Although BRIE-RAM has the potential to enable more en-
vironmentally friendly edge computing, we cannot take for
granted that it will be ethical or sustainable by sole virtue of
its biodegradability. In addition to the technical challenges of

bio-ReRAM, we consider three ethical challenges in making
BRIE-RAM a reality.

First, prior work has made bio-ReRAM devices using
eggs [4], gelatin [3], and even salmon DNA [24], and our
work suggests that eggs may be a promising candidate for
a real BRIE-RAM architecture. However, the use of animal
products as the primary component in electronics may con-
flict with the beliefs of different people and communities.
Based on this, we see an opportunity to use this dilemma to
motivate further research into plant-based bio-ReRAM.

Second, if BRIE-RAM is able to subsume silicon-based edge
sensors, billions of devices will need to be manufactured to
meet projected demand [44]. This requires scalable means of
sourcing the necessary materials, and manufacturers may find
it tempting to turn to factory farms as a solution. In addition
to animal treatment concerns, factory farming induces greater
natural resource usage and carbon emissions whether they
are supplying animal- or plant-based materials. Depending
on how lucrative BRIE-RAM may become, manufacturing
deals with farms for materials such as eggs may result in
consumer shortages and price hikes.? As an alternative, BRIE-
RAM could spur the establishment of recycling programs,
such as using eggs past their sell-by date at supermarkets, or
excess/byproduct materials from paper manufacturers.

Beyond the substrate materials themselves, we need to
consider ethical issues related to fabrication. For example,
one proposed gelatin bio-ReRAM device makes use of em-
bedded cobalt to improve its endurance [30], while a bio-
ReRAM device made from silkworm silk uses gold bottom
electrodes [53]. Many bio-ReRAM devices use cobalt-doped
indium tin oxide electrodes [3,4,30]. Ethical concerns have
been raised regarding cobalt mining practices (e.g., labor con-
ditions, pollution of the environment and indigenous com-
munities [13]). Gold and tin are also designated as conflict
materials that come from regions with high levels of instabil-
ity and human rights violations [12,48]. While bio-ReRAM
research is still exploring the best materials to use in devices
and architectures, With bio-ReRAM materials research still
emerging, we should strive to (1) minimize the use of conflict
minerals and materials and (2) design devices and architec-
tures with end-to-end biodegradability, requiring effort on
many fronts beyond just the computer architecture.

6. Conclusion

From our study, we find that BRIE-RAM shows promise to
improve the efficiency of local compute in smart edge sensors,
while mitigating e-waste. For BRIE-RAM to become a real-
ity, we must realize a number of calls to action. First, there
is a need for detailed bio-ReRAM device characterization,
with a focus on identifying true device longevity. Second,
we should start planning for sustainable materials sourcing,
which may require significant investment in improving the
traits of non-animal-product bio-ReRAM devices. Third, we
need to address significant reliability challenges, which we
expect will be exacerbated as we strive to step away from
cobalt and conflict materials. Overall, we envision a path to
fruition for BRIE-RAM that can spur a new body of research
and address emergent ethical and sustainability issues.

2 In recent years, both the egg and DRAM markets have experienced such
shortage-induced price hikes.
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