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Abstract

We reveal two fundamental insights when deploying inference
workloads on intermittent systems that use capacitors as energy
buffers. Because of varying structural characteristics and data-
independent execution of Deep Neural Network (DNN) models,
different capacitor configurations can swing inference performance
from the good to the bad. Second, capacitor leakage, which is in-
evitable in real deployments and yet vastly overlooked in existing
literature, makes a whole difference when determining the most
efficient capacitor configuration. Both insights hold independently
of specific techniques that enable intermittent inference. They form
the basis to design LEACS: an off-line technique to determine an
efficient energy storage configuration for intermittent inference
workloads. LEACS determines the number and size of capacitors
based on the nature of the energy source, while accounting for
capacitor leakage. We test LEACS together with two state-of-the-
art intermittent inference execution techniques and compare its
performance with four different baselines across three hardware
platforms, seven DNNs models, and three real-world energy sources.
Our results indicate that LEACS improves inference throughput by
up to 3.4%, with an average 1.59X across the settings we test.
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1 Introduction

Ambient energy harvesting allows embedded sensing devices to
eliminate their dependency on batteries [9, 39]. This reduces main-
tenance costs and enables multi-year zero-maintenance deploy-
ments [1, 15, 25]. However, energy from the environment is gener-
ally erratic, causing frequent and unanticipated energy failures.
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Figure 1: Leakage measurements on various capacitor sizes.
Image from Silicon Labs [48]. Leakage is proportional to capacitor
size, the relationship being almost linear. Note how the 10F capacitor
suffers more than 10 times the leakage of the 1uF capacitor. The Math
curves represent the linear trend of leakage current over time.

Intermittent inference. Because of erratic energy patterns, execu-
tions become intermittent: active cycles are interleaved by periods
of recharging energy buffers, such as capacitors [3]. Energy failures
normally cause a device to lose system state, as applications run on
bare hardware without operating system support. To ensure for-
ward progress across energy failures, systems persist intermediate
application states on Non-Volatile Memory (NVM), which usually
imposes substantial energy overhead [29].

Several works exist that support the intermittent execution of
Deep Neural Networks (DNNs) [19], as we discuss in Sec. 2. These
techniques enable local executions of the inference process, which
allows systems to only transmit the response instead of raw data.
This feature reduces energy consumption due to communication,
especially when using wireless technologies such as Bluetooth and
802.15.4 [3]. Existing works apply a variety of techniques that re-
duce processing demand and, consequently, energy consumption.
These include, for example, compression techniques such as separa-
tion, quantization, and pruning [19]; operating run-time decisions
such as early-exits [27]; or employing custom programming tech-
niques [19] and taking advantage of specific NVM technology [8].
A house on sand. Despite the current state of the art, one decep-
tively simple, yet fundamental aspect remains under-investigated:
the energy storage configuration. As we experimentally demon-
strate in Sec. 3, capacitor selection is not merely a low-level imple-
mentation detail. It is a primary factor in determining the energy
efficiency of the inference process and thus overall throughput,
even when all other system parameters remain fixed.

Capacitors vary in size, charge—discharge dynamics, and leakage
rate [23]. Large capacitors may store enough energy to execute
large workloads in a single active cycle, hence abating the overhead
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of state persistence operations. As we show in Fig. 1, however,
large capacitors exhibit high leakage currents that dissipate stored
charge over time. Moreover, they require longer recharge times
before entering a new active cycle. In contrast, small capacitors
recharge quickly and suffer reduced leakage but can store only
limited energy, often insufficient to complete the execution of even
a single inference iteration. This leads to frequent energy failures,
increased overhead from state persistence operations, and larger
energy waste due to partial executions. Fig. 1 also crucially provides
two indications with general validity [24, 33, 44]. First, capacitor
leakage occurs regardless of environment conditions: the curves
in Fig.1 are valid in a [-55°C,+125°C] interval. Second, leakage
currents are largely linear against time, given the capacitor size.

Striking a trade-off between these many conflicting aspects is
challenging. We argue that, as a result, the impact of energy storage
configuration on intermittent inference is vastly overlooked. As a
paradigmatic example that we further articulate in Sec. 3, with all
other system parameters fixed, a sub-optimal choice of capacitor
sizes may reduce system throughput by up to one order of magnitude.
This happens mainly due to the inability to store excess energy or
because of capacitor leakage. Most existing literature [4, 14, 19, 23]
explores multiple capacitor configurations in system evaluations
mainly to increase the diversity and coverage of performance re-
sults, without a critical analysis to identify the related trade-offs.

A few works exist that determine capacitor sizes to ensure even-

tual completion of the workload or to batch together multiple exe-
cution units [13, 14]. These techniques are oblivious to the nature
of the energy source, and therefore cannot account for situations
where excess energy may arise that the chosen capacitor configu-
ration cannot store, or for energy losses due to capacitor leakage.
Their output is often overly optimistic and does not necessarily
translate to real-world performance [18].
LEACS. We seek to bridge this gap by crucially noting that the
energy consumption of inference processes is predictable and data-
independent. Each neural layer or subgraph executes a fixed se-
quence of operations whose energy cost can be statically profiled at
compile time. This feature enables fine-grained energy budgeting,
especially when devices are equipped with multiple capacitors of
varying sizes [14], each with distinct leakage patterns.

Processing jobs with limited energy demands, such as executing
activation functions or pooling layers, may be assigned to small
capacitors that recharge quickly and reduce energy losses due to
leakage. Processing jobs with large energy demands, such as large
convolutions, may be assigned to larger capacitors only whenever
necessary. The potential benefits, however, come at the cost of
additional design complexity. Developers must determine the most
efficient selection of capacitors to provision from a possibly large
catalog of candidates, subject to constraints on cost and board space.

LEACS is a compile-time technique that automatically deter-
mines the most efficient energy storage configuration for inter-
mittent inference workloads. It does so by tailoring the capacitor
selection to the dynamics of a given ambient energy source and
by taking capacitor leakage into account. It takes as input a DNN
model, a catalog of available capacitors, and a cap on the number of
capacitors that may be provisioned. It outputs a capacitor configura-
tion and a mapping of execution units to capacitor(s) that optimizes
throughput for a given ambient source. We compute the output

Barjami, et al.

of LEACS by solving a problem we formulate as a Mixed-integer
Linear Program (MILP). We combine this with a custom technique
to replay existing energy traces that accounts for capacitor leakage
and allows the objective function to be computed quickly, and yet
without introducing non-linearities in the problem formulation .
Sec. 4 describes the design of LEACS.

Performance. To measure the performance impact, we integrate
LEACS within two existing execution techniques supporting effi-
cient intermittent inference [8, 19]. They employ different granular-
ities to drive the intermittent inference process and use fixed, often
manually determined energy storage configurations in either single-
or multi-capacitor setups. These features are instrumental to gauge
LEACS’s general applicability. After integration with LEACS, these
systems employ carefully optimized energy storage configurations
output as a result of the optimization process.

We experimentally measure the system throughput as the num-
ber of inference processes completed within the unit of time for both
the original configurations and after the integration with LEACS.
We do so across seven heterogeneous DNN workloads, three differ-
ent hardware platforms, and three real-world energy sources [17]
with distinct energy content and instantaneous power dynamics.

Our results, discussed in Sec. 5, indicate that the throughput im-
provements enabled by LEACS peak at 3.4x factor, with an 1.59%
average. We also observe that models with greater diversity in the
energy demands of execution units benefit the most, as LEACS can
tailor capacitor selection to this variety. Crucially, LEACS shows to
be most effective in energy-scarce environments, where the effect
of leakage is most pronounced, providing an 1.85X improvement
on average. Finally, our results provide evidence that the perfor-
mance improvements brought by LEACS apply to both the existing
execution techniques we consider and are valid for single- and
multi-capacitor setups, demonstrating general applicability.

We end the paper in Sec. 6 with additional considerations on our
design and with brief concluding remarks in Sec. 7.

2 Background and Related Work

We first provide key concepts of intermittent computing, with a
focus on intermittent inference. Next, we survey related work on
energy storage in energy-harvesting embedded sensing systems.

2.1 Intermittent Inference

Intermittent computing devices consist of a Microcontroller Unit
(MCU) equipped with some form of NVM and powered by ambient
energy sources like solar radiation, motion, or thermal gradients [9].
Every energy source exhibits unique characteristics, for example,
in overall energy content, time dynamics, and efficiency of the
corresponding harvesting technology [9, 17].

Executing intermittently. Common to most energy sources, how-
ever, is erratic behavior [3]. Embedded devices powered by energy
harvesting employ energy buffers, usually in the form of one or
more capacitors, to tame fluctuations of ambient energy. Devices
slowly charge the capacitor(s) until reaching a specific threshold
voltage, when the MCU powers on and an active cycle begins that
may include sensing, computing, and communication. MCU and
peripherals rapidly drain the available energy during an active cycle
until the voltage drops below a minimum threshold, causing an



Resolving Energy Storage for Intermittent Inference

energy failure where the device shuts down. The charging phase
restarts until the device reaches the activation threshold. This re-
sults in an intermittent execution where periods of active operation
are interspersed with periods of recharging energy buffers.

Several techniques ensure forward progress across energy fail-
ures by using NVM to persist intermediate states [10] and resume
computation at the start of an active cycle. Task-based program-
ming systems require programmers to split applications into distinct
slices with transactional semantics [38]. For example, Alpaca [41]
uses static compiler analysis to enforce uninterrupted task exe-
cution, achieving orders of magnitude higher performance than
checkpoint-rollback schemes. Intermittent inference systems, illus-
trated next, often adapt task-based programming to DNN structure.
Enabling intermittent inference. Several works investigate the
execution of DNNs in intermittent systems [9, 39]. Works exist
that apply a variety of model compression techniques or rely on
multi-exist network architectures. As an example, Wu et al. [55]
design a network compression algorithm based on model pruning
and quantization techniques that works with multi-exit DNNs to
select exits based on energy predictions. Given an existing multi-
exit model, the notion of approximate intermittent computing [7]
allows the processing to step out of the inference process before
state persistence operations are necessary.

Model augmentation and pruning are also often employed to
run intermittent inference. Kang et al. [31, 32] and Yen et al. [57],
append components to existing models to allow progress tracking
information to be piggybacked onto output features. Without af-
fecting accuracy, this allows the system to efficiently recover the
inference process after an energy failure. iPrune [37] embeds an
ad-hoc pruning strategy that produces compact models for intermit-
tent systems, whereas RAD [28] employs block circulant matrices
and structured pruning to exploit vector operation accelerators.

In other works, special-purpose execution techniques and fine-
grained tuning of hardware parameters enable efficient inference.
To reduce the energy overhead of state persistence, Lv et al. [40]
slice the network horizontally and execute each slice in a depth-first
manner, only saving a fraction of the state on NVM. Zygarde [27]
models the energy patterns together with the relation between ac-
curacy and processing requirements. SONIC [19] presents a concept
of loop continuation that reduces the overhead of frequent state
persistence operations during inference.

INTERCEPT [8] employs Spin-Transfer Torque Magnetic Random-
Access Memory (STT-MRAM) for persisting intermediate states,
tuning write currents for saving energy while keeping accuracy
losses under control. Neuro.ZERO [36] uses a co-processor archi-
tecture to improve the energy performance of the inference process
running on a main MCU; the co-processor runs special-purpose
models that account for intermittent executions during training.

Mapping the inference process to tasks is natural. For example,
INTERCEPT and SoNIC map the notion of task completion to the
execution of a single layer in DNN inference, or a slice thereof. As
a result, the energy available in a single active cycle determines
how many layers, if any, can execute between energy failures. Say
for example the largest capacitor is insufficient to complete the
execution of the most energy-demanding layer in a network. In
that case, the execution would eventually enter a livelock as the
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inference process would systematically restart from the same layer:
as the energy storage on board is insufficient to progress any further.

2.2 Energy Storage

Despite existing literature mostly fails to recognize the impact of
energy storage configurations on intermittent inference, works
exist that investigate different aspects related to energy storage in
the general area of intermittent computing.

Capacitor models. Intermittently computing devices determine
the energy available in terms of the voltage reading at the capaci-
tor’s ends. Between the lowest voltage reading Vi, that ensures
device operation and the voltage reading Viax that triggers an active
cycle, the energy stored in a capacitor of capacitance C is

- Vnzlin) : (1)
The value of C determines the energy stored and thus the maximum
workload achievable in an active cycle. Larger values of C yield
more Egored, potentially allowing completion of larger workloads
before an energy failure and hence amortizing the overhead of state
persistence operations. However, larger values of C also slow down
the charging process. For energy sources such as motion or thermal
gradients [9], a large capacitor may take minutes, if not hours [1],
to charge up to Vinay, reducing throughput.

To complicate matters, capacitors naturally experience leakage.
While charging or during idle periods, the capacitor incurs in losses
that drain energy without performing useful work. These losses are
usually proportional to the capacitance value C and the capacitor
voltage reading V. As an example, for electrolytic capacitors [24]
and especially aluminum types, the leakage current is

0.01CV  if I} > 3pA
Tjeak =

1
Estored = 5 C (V2

max

. @)
3pA otherwise.

These expressions may differ for different capacitor technologies [24,

44]. Ceramic capacitors usually enjoy extremely low leakage. Film

capacitors, on the other hand, experience leakage currents that de-

pend on the construction process. These information are typically

found in datasheets or obtained experimentally [44].

Losses due to capacitor leakage effectively reduce the usable

energy and thus system throughput: energy leaked during recharge
or idle periods is wasted energy. This is a core part of our work; we
return to this in Sec. 3 with quantitative evidence.
Capacitor configurations. Using modern battery technology in
place of regular capacitors, for example, Jackson et al. [30] recognize
that energy-rich ambient sources may execute in a non-intermittent
manner, sparing the overhead of state persistence on NVM. They
study how the design space changes in this case, considering solar
radiation. In contrast, our work applies regardless of the nature of
the energy source and provides the greatest benefits precisely in the
most challenging energy-poor scenarios, such as kinetic sources.

Hester et al. [23] first recognize the trade-offs between large
and small capacitors. They note the increased leakage of the for-
mer but do not qualitatively account for this aspect in design
decisions. Capybara [14] takes a step forward by presenting a
hardware/software system that includes several capacitor banks
and switchable connections. Applications declare different energy
modes for tasks, and the runtime reconfigures the capacitor banks to
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match those needs. Similarly, Stash [4] uses a multi-capacitor front
end that “performs like a small capacitor when small capacitors
excel and like a large capacitor when large capacitors excel”.

These designs dynamically handle a given energy storage config-
uration based on application demands, yet provide no indication of
what is the most efficient energy storage configuration, as the num-
ber and size of individual capacitors, for the application at hand.
This information is normally up to developers to determine, which
forces deployments of intermittent systems to a painful process of
trial-and-error [1, 3, 12]. We seek to fill precisely this gap by taking
advantage of the distinctive features of intermittent inference.

The only existing tool that indirectly hints at an effective capaci-
tor configuration is CleanCut [13]. From compile-time worst-case
task energy estimates, it checks whether chosen capacitors can
ensure eventual workload completion. When livelock may occur,
CleanCut suggests splitting tasks into smaller units, but offers no
guidance on changing capacitor configurations. The developer must
instead decide whether to equip the system with larger capacitors
and then re-run CleanCut [13]. CleanCut, however, ignores capaci-
tor leakage and its interaction with the source.

3 Motivation

We offer quantitative experimental evidence of how capacitor con-
figurations impact inference performance, and of the role of en-
ergy sources and capacitor leakage. We run experiments using
MOBILENET_96 with SoNIc state-of-the-art technique on a Cortex
M33 MCU, using a single capacitor of three different sizes: 1mF and
100uF as reported in existing literature [19], plus an intermediate
configuration of 200uF. Note that even the smallest capacitor we
consider ensures eventual completion of the workload, hence we
rule out unfeasible configurations.

To ensure repeatability across energy storage configurations,
we use energy traces from Bonito [17]. One trace we consider is
gathered by deploying a piezoelectric harvester at the ankles of a
person performing a JOGGING routine. The other trace is obtained
from a SoLaRr cell embedded within the surface of an outdoor stair
in front of a lecture hall, with numerous students passing by, which
leads to temporary shadowing effects. We consider Panasonic FR-A
series electrolytic capacitors and estimate capacitor leakage using
the equations provided in the corresponding datasheet [49]. The
rest of the experimental setting is the same we use in Sec. 5.2.

The following discussion is based on a specific setup exclusively

for illustration purposes. The observations are largely applicable
across different DNN models, hardware platforms, energy traces,
and energy storage configurations, as we further discuss in Sec. 5.
Observation 1: The throughput performance changes with capacitor
size and in a way not proportional to it.
Fig. 2a shows SoNIC’s performance on the JoGGING trace for three
capacitor setups. The 100uF setup is the most efficient, completing
the most inference processes over the energy trace. By contrast, the
1mF setup completes an order of magnitude fewer, mainly because
of longer recharge times and leakage, discussed next. The 200uF
setup stores twice the energy of the 100uF one, yet incurs only a
35% performance penalty. These results are difficult to anticipate;
they indicate that the energy budget available to the system bears
no clear relation to the attainable performance.
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Figure 2: SoNic performance in an example setting. We con-
sider a Cortex M33 MCU running MOBILENET_96. We note that i) the
lower the capacitor size, the higher the throughput; ii) the energy trace
considerably affects the performance, iii) the larger the capacitor, the
higher the leakage, and in turn the lower the throughput.

Observation 2: The same energy storage configuration performs
differently with different energy sources.

Fig. 2b mirrors Fig. 2a for the SoLAR trace, which is richer in energy
and exhibits higher instantaneous power delivery than JoGGING.
The same capacitors we use with the JOGGING trace now perform
very differently individually and relative to each other; most im-
portantly, some earlier observations no longer apply. The absolute
number of inference processes completed per hour is one order of
magnitude higher than with the JoGGING trace. The performance of
the 2004 F is now much closer to the best performing 100pF configu-
ration. The 1mF capacitor now provides about half the performance
of the latter, compared to the one order of magnitude difference in
Fig. 2a. With the SoLAR trace, recharge times are generally shorter
even for the largest capacitor, and the effect of leakage currents is
mitigated by the higher instantaneous power delivery.
Observation 3: Capacitor size regulates the interplay between re-
charge times and leakage, which determines performance together
with the dynamics of the energy source.

The blue and grey bars in Fig. 2a and Fig. 2b show the percentage of
energy stored in the capacitor used to achieve useful processing or
lost through capacitor leakage, respectively. The larger the capacitor,
the greater is the latter. The performance shown in the yellow bars
of both charts are an effect of losing an increasing amount of energy
through leakage and longer recharge times. Accordingly to the
earlier observations, the energy wasted through leakage is reduced
in the SoLAR trace compared to the JOGGING one, as the former
somehow compensates for these losses. Existing literature does not
report performance numbers to quantify these effects, neither takes
these aspects explicitly into account in the design process.
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Figure 3: SoNIC execution with the JoGGING trace over time.
Light grey segments represent the charge period while yellow ones rep-
resent the active cycles. Larger capacitors take more time to recharge
and therefore reduce the number of active cycles.
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Figure 4: Harvester and leakage currents with the JoccinGg
trace over time. The green line indicates the harvester current over
time, while the other three lines represent leakage currents depending
on capacitor size; the larger the capacitor, the larger the leakage.

Observation 4: Depending on the energy source, leakage current
may hamper active cycles at unpredictable times.

Fig. 3 details the execution of SoNic in a specific time frame with
the JoGGING trace in either of the three capacitor configurations,
while Fig. 4 reports with the harvester and leakage currents in
the same period. Fig. 3a shows that at around 38 minutes into the
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Figure 5: Sonic performance with the JoGGING trace without
accounting for capacitor leakage. Compared to results in Fig. 2a,
a simplified capacitor model yields efficient performance, which is
however not expected in a real deployment.

execution, the 1mF capacitor is nearly at the activation threshold.
At that time, the current coming from the harvester is almost down
to zero, as shown in Fig. 4. Leakage current, shown in red in the
same plot, now effectively discharges the capacitor, as shown by
the decreasing trend in Fig. 3a between 38 and 40 minutes, pushing
the system away from a new active cycle. The execution unfolds
in yet a different way between 43 and 46 minutes for the same
1mF capacitor. Fig. 4 shows that within this time frame, the average
current from the harvester nearly equals the leakage current. The
charge in the 1mF capacitor stays almost constant and close to the
activation threshold, without ever surpassing it. This happens only
at minute 46, where an active cycle finally begins.

These issues are much less severe with the other capacitor con-
figurations in Fig. 3b and Fig. 3c, because of shorter recharge times
and lower leakage currents, shown by the blue and purple lines in
Fig. 4. Between 38 and 40 minutes, both configurations lack of input
current from the harvester, but manage to start an active cycle at
around minute 40 anyway. Between 43 and 46 minutes into the
experiment, both configurations activate the device multiple times,
with the 100pF configuration enjoying shorter recharge times and
hence more frequent activations.

We see no similar behaviors with the SOLAR trace, whose trends

we do not show for brevity, because of the higher power.
Observation 5: Not considering leakage currents distorts perfor-
mance evaluations.
Fig.5 shows the performance of Sonic with the JoGGING trace
without considering the energy loss due to capacitor leakage. The
difference compared to Fig. 2a is striking. The 100uF configuration
provides slightly higher performance, yet the 1mF configuration
shows a 600+% increase in performance, eventually producing a
mere 20% penalty compared to the best-performing setting.

Two factors contribute to this spurious result. Most of the energy
that would go wasted in a real deployment because of capacitor
leakage is now fictitiously employed to push forward the inference
process. In reality, this would simply not happen. Further, recharge
times are vastly underestimated because situations akin to Fig. 3a
are now masked by the idealized, zero-leakage model. Not account-
ing for these factors may thus result in misleading performance
measurements and steer design processes in incoherent directions.

4 LEACS

Based on the insights in Sec. 3, we design LEACS: an off-line tech-
nique to determine the most efficient multi-capacitor configuration
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to maximize system throughput for an intermittent inference work-
load. LEACS selects the number and size of capacitors to place on
board, as well as the mapping between capacitors and the execu-
tion units within the inference process. These decisions account
for the nature of the energy source, capacitor characteristics, in
particular leakage current and recharge/discharge time, and energy
constraints that determine eventual completion of the workload.

4.1 Design Features

Our key objective is to maximize throughput against a truthful
energy setting, which thus must account for capacitor leakage and
recharge times. We build on two key observations:

1) the energy demands of embedded inference are predictable
and data-independent; given a DNN model, it is possible to
estimate its energy consumption independent of the inputs;

2) systems supporting intermittent inference feature a well-
defined granularity of execution; therefore we can partition
the single inference in software execution units, for example,
corresponding to single layers [8], chains of layers [8], or
loops [19].

These observations are instrumental in affording the following
fundamental design features.

C1: Account for capacitor leakage. In LEACS, we shift the design
emphasis from raw capacitance to a balance between usable energy
and unavoidable loss, which ultimately determines the performance.
We do so by incorporating accurate leakage models derived from
datasheets or direct empirical measurements into both the selec-
tion of capacitors and the mapping to execution units, ensuring
to employ capacitors whose leakage profiles are acceptable under
realistic operating conditions. We thus avoid configurations where
harvested energy is squandered before executions even begin, as
experimentally shown in Fig. 3a, thereby guaranteeing that more
of the harvested energy translates into useful inference work.

C2: Mapping capacitors and execution units. LEACS matches
each execution unit in intermittent inference to the smallest capacitor
that can efficiently ensure its completion. Oversized capacitors incur
higher leakage currents and require longer recharge times, reducing
throughput. Conversely, undersized capacitors may cause execution
units to fail to complete, leading to energy waste. By precisely sizing
the mapping between capacitors and execution units, we tame the
effects of leakage and reduce recharge times. This yields higher
effective duty cycles for each capacitor: smaller capacitors serve
execution units with low energy demands, while larger capacitors
are reserved for energy-hungry execution units.

C3: Compile-time operation. Run-time energy management
in intermittent systems introduces overhead. Any controller that
makes decisions on the fly based on residual energy, capacitor volt-
age, or energy forecasts burns computing cycles. We spare the
added complexity and run-time overhead by determining energy
storage configurations at compile time. This is possible partly be-
cause of the key observations above, partly because we compensate
for the lack of run-time information by capturing the nature of
the energy source through existing traces, which are increasingly
available [1, 2, 9, 17, 21, 39] as we articulate in Sec. 6. As a result,
we shift the computational burden off the deployed device and onto
the compile-time toolchain, where time and resources abound.
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4.2 Determining Energy Storage

To determine an efficient energy storage configuration, we uniquely
combine the optimal solution to a custom optimization problem,
trace-driven throughput estimations, and offline profiling.

Inputs and outputs. As shown in Fig. 6, LEACS takes four inputs:

1) the set of executing units U = {uy, ..., un} required to be
executed in a sequence to complete an inference, like a layer
or a portion of it or a chain of multiple subsequent layers,
each annotated with its energy consumption E;, 1 <i < N.

2) an energy trace H(t), represented as a discrete time series
specifying how much power the device harvests at each time
step, capturing the nature of the energy source.

3) a capacitor catalog C = {Cy,...,Ck}, represented as a dis-
crete catalog of capacitors to choose from, each with a known
leakage curve and voltage range [Vorr, Vonlj, 1< j < K.

4) an upper bound M on the number of capacitors a device
supports, as determined by area, component cost, and the
complexity of switching logic.

Given these inputs, LEACS produces as output:

1) a subset C’ C C of at most M capacitors, representing the
capacitor array to place on board,;

2) a mapping from each execution unit u; € U to a capacitor
Cj € C’ that can power the execution of u; under H(t).

Problem formulation. To determine the outputs, we formulate
capacitor selection and the mapping to execution units as a MILP.
This formulation captures the discrete nature of the outputs while
allowing us to carefully express the necessary constraints.

We define a binary variable x; for each capacitor C; in the catalog.
Setting x; = 1 indicates that capacitor C; is included in the design,
and x; = 0 means it is omitted. For every execution unit-capacitor
pair u;,C;, we define a binary variable y;;: if y;; = 1, execution
unit u; is assigned capacitor C;; y;; = 0 otherwise. Together, these
variables encode every possible energy storage configuration and
the mapping of chosen capacitors to execution units.

The objective of LEACS is to maximize throughput, that is, the
number of completed inference processes, given a specific energy
source. The latter is captured in the MILP formulation by the energy
trace H(t). Thus, the objective function is

max  Throughput(X,Y) over H(t). (3)
{xj ) Ayij)
Since throughput depends on non-linear and time-varying phe-
nomena, like capacitor leakage and discharge, as well as energy
harvesting, we cannot express it as a linear function. We describe
next how we use an analytical approach to accurately estimate
Throughput(X,Y), given X and Y.

To aid formulating the necessary problem constraints, we in-
troduce a binary variable f; ; € {0, 1} for each pair (u;, C;), which
models whether an execution unit u; can possibly be completed
with the energy stored in capacitor C;. Given the inputs described
earlier and especially the energy consumption of each execution
unit E;, 1 < i < N, we can precompute the values of all f; ;, even
before attempting to solve the problem. By relying on these vari-
ables, we spare the need to embed discharge equations directly into
the MILP, keeping the formulation linear.
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Figure 6: Overview of LEACS. We take as input an energy trace representative of a given source, the catalog of available capacitors, the
energy profile of the execution units in the DNN, and the maximum number M of capacitors on the board. We output the number and sizes of the
capacitors, and a mapping of the execution units and capacitors to use during the inference execution.

We impose four key constraints. First, each execution unit must
be assigned to exactly one capacitor:

K
Zyii:l’ Vie{1,...,N}. 4)
Jj=1

Configurations where an execution unit is mapped to multiple ca-
pacitors would require deciding at run-time, based on some criteria,
which capacitor to employ. The added complexity and overhead,
compared with unclear advantages [14], would not pay off.

Second, we must impose that an execution unit is mapped to a
capacitor that is actually selected to be part of the solution, which
we express as

yi; <xj, Yie{l... N} je{l.. . K} )

Indeed, if x; = 0, meaning capacitor C; is not selected, then y;; must
be zero for all execution units. These constraints avoid producing
meaningless configurations where an execution unit is mapped to
a capacitor that is not found onboard the device.

Third, we ensure that the capacitor selected to support the exe-
cution unit is sufficient to complete its execution, which entails

Yij Sﬁj, ViG{l,...,N},jG{l,...,K}. (6)

Without this, we may obtain solutions that are unfeasible in reality
and may cause the system to enter a livelock, in that an execution
unit may never complete and impede any forward progress [13].
Finally, we impose an upper bound on the number of capacitors as

K
Z xj <M, @)
j=1

where M is the maximum number of capacitors a device can support,
as provided in input and reflecting the physical and cost constraints
of the target platform.

Throughput evaluation. When executions are predictable and
data-independent, the energy consumption of each execution unit
E;, 1 <i < N, depends only on the target MCU and can be accu-
rately quantified using existing tools [2, 13] or by profiling sample
executions on real hardware, as we do in Sec. 5 and as found in ex-
isting literature [2, 8, 10, 13, 22, 42, 47]. Moreover, leakage currents
are reported by capacitor vendors on datasheets, as in Fig. 1, both
empirically and analytically. Since energy consumption is additive,
components such as execution-unit energy and leakage losses can
be summed to estimate total energy consumption.

To evaluate the objective function in Eq. 3, we integrate a special-
ized replay of the inference process for an energy trace H(t) into
the optimization loop. For a candidate assignment (X, Y), we unroll
the trace while tracking each selected capacitor’s voltage, applying
leakage at each time step, and subtracting the energy consumed
by the corresponding execution unit. This process returns a scalar
throughput value Neomp (X, Y), the total number of inferences per-
formed during the trace. During optimization, the MILP solver uses
Neomp (X, Y) to compare candidate solutions. To break ties between
configurations with identical throughput, we prefer those using
fewer capacitors and, among them, those with lower total leakage.

By offloading nonlinear effects such as energy estimation, dis-
charge curves, leakage, and time-varying harvesting to offline pro-
filing, we keep the MILP formulation linear in its decision variables,
avoiding nonlinearities. Thus, the optimizer solves a tractable prob-
lem with binary variables x; and y;;, ensuring efficient processing
while accurately capturing key energy dynamics.

5 Evaluation

We build a software prototype that emulates DNN execution and ca-
pacitor charge/discharge patterns. The emulation is based on energy
measurements from concrete hardware and real-world harvested-
energy traces, used to extract performance measures across many
settings and analyze improvements over the state of the art. We
obtain 252 billion data points, leading to the following conclusions:

1) overall, LEACS provides throughput improvements up to a
3.4X factor, with an 1.59X average;

2) models with greater diversity in the energy demands of exe-
cution units benefit the most, as LEACS can tailor capacitor
selection to this variety;

3) LEACS is most effective in energy-scarce environments,
where the effect of leakage is most pronounced, providing
an 1.85X improvement on average;

4) the performance improvements brought by LEACS apply

to both the adopted execution techniques, namely INTER-

cePT and SoNIC, and are valid for single- and multi-capacitor
setups, providing evidence of general applicability;

the benefits enabled by more capacitors eventually flatten

out at an 1.69X improvement factor, as the diversity of energy

demands of the models we test is fulfilled with M = 5.

The rest of the section unfolds as follows. Sec. 5.1 describes the

prototype implementation. Sec. 5.2 illustrates the experimental set-
ting, whereas Sec. 5.3 discusses the results we obtain.

&)
~
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Figure 7: Integration of LEACS in INTERCEPT toolchain. We
replace the capacitor selection in the original INTERCEPT by placing
LEACS within the optimization loop.

5.1 Software Prototype

System support for intermittent inference represents DNNs as sub-
sequent execution units with transactional semantics. This struc-
ture is given as input to LEACS, as described in Sec. 4. To gauge
LEACS’s impact on system performance, we integrate it with two
intermittent inference techniques: Sonic [19] and INTERCEPT [8].
Each implements a specific way to structure inference models and
uses a different set of knobs to control their execution.
INTERCEPT integration. INTERCEPT consists of an initial Capacitor
Selection step followed by an optimization loop consisting of two
further steps, namely Persist and Tune, as shown on the left side
of Fig. 7. Execution units in INTERCEPT correspond to layers in a
model. State persistence operations dump the output tensors on
NVM. INTERCEPT determines first what capacitor size is sufficient
to meet the demand of the most energy-expensive execution unit
(layer). Based on that, it selects two additional fixed-size capacitors
as a predetermined fraction of the largest capacitor, for example, as
one-half and one-quarter of the former. This yields a fixed triplet
including a large, a medium, and a small capacitor.

The right side of Fig.7 shows how we integrate LEACS into
INTERCEPT. We replace the capacitor selection with LEACS, embed-
ding LEACS within the optimization loop. This design is based on
a simple rationale: Tune may alter the energy requirements of the
execution units (layers) by adjusting the NVM settings [8]. Placing
LEACS within the loop allows it to capture these changing energy
figures and possibly update capacitor configurations accordingly.
SonNiIc integration. SoNIc partitions the inference model at fine
granularity, typically down to single-channel convolutions in DNNs.
We integrate LEACS downstream of Sonic. Unlike INTERCEPT,
SoNIC’s execution units and profiling are independent of capac-
itor configurations. As a result, embedding LEACS into SoNIC’s
loop offers no benefit. Thus, we perform capacitor selection only at
the beginning of the design flow of SoNIc after the profiling step.

This integration presents two caveats. First, SONIC is not de-
signed to support multi-capacitor configurations. To maintain a
fair comparison, we force LEACS to operate with a single capacitor
by setting M = 1. This ensures compatibility with SoNIC’s original
assumptions and avoids introducing asymmetries in evaluation.
Further, SoNic conditionally skips state persistence operations and
supports partial execution when residual energy is sufficient. To em-
ulate this behavior, we extend our throughput evaluation technique
to track partial executions and conditional skips.

MILP formulation and throughput evaluation. To derive the
inputs for LEACS, we measure on real hardware the number of clock
cycles required to execute each computational unit of the inference
process. These values are combined with the average energy-per-
cycle information from the MCU datasheets to estimate the energy

Barjami, et al.

MCU Clock Speed (MHz) | Power Efficiency (tW/MHz)
Cortex M33 160 12.0
Cortex M4 80 32.8
Cortex M7 480 58.5

Table 1: MCUs used for evaluation [5].

consumption of each execution unit. Capacitor parameters and
leakage values are taken from datasheets, while energy traces are
obtained from real-world measurements, as detailed next. These
traces are replayed synthetically while accounting for recharge
dynamics, leakage, and energy costs of each execution unit. The
resulting performance data are used to compute the throughput
values employed during both optimization and evaluation.

The replay of the inference process unfolds by first evaluating
a candidate mapping of capacitors and executing units. With this,
we compute the corresponding throughput, that is, the number
of completed inferences, over a given energy trace. To do so, we
integrate a voltage-based energy model accounting for input power,
capacitor leakage, and MCU load. Capacitor characteristics and
voltage thresholds are input parameters, allowing straightforward
adaptation to different hardware targets. In a multi-capacitor setup,
we consider switching energy and delays to be negligible relative
to the duration of capacitor recharges and active cycles. If not, they
can be straightforwardly incorporated into the process that follows.

During replay of the inference process, we track capacitor volt-
age over time using the harvested energy trace H(t) as input. The
process starts with capacitor voltage at 0 V and the MCU powered
off. At each time step, we compute currents from energy harvesting,
leakage, and, when applicable, MCU operation. The latter accounts
for the MCU’s power state in determining net current and includes
the energy for NVM load/store operations. Combining these terms
with relevant boundary parameters, such as the equivalent resis-
tance of the MCU and supporting circuitry, we update capacitor
voltage every time unit, normally set to 1 ms. When this value
reaches Viax, an active cycle begins and processing of an execution
unit starts. Since each execution unit U; has a pre-profiled energy
cost E;, execution continues until E; is consumed. The MILP con-
straints discussed earlier ensure that the capacitor stores enough
energy to complete the unit.

If residual energy remains post-execution, it is retained. This
process continues to emulate the charge—execute cycle in the same
way for all the subsequent execution units, each time consider-
ing the assigned capacitor, for the overall duration of the energy
trace H(t). While progressing, we count the number of executed
inferences Neomp (X, Y), which is eventually returned to the MILP
engine as the value of the objective function for a specific (X, Y).

We use Python to implement both MILP solving, using the pulp
library, and the replay of the inference process described in Sec. 4.

5.2 Setting

Setup. Similar to existing literature [8, 19, 55], we consider three
Cortex-M MCUs with different micro-architectures, instruction
sets, and clock speed, to capture how results apply across different
platforms. Their key features are illustrated in Tab. 1. As NVM, in
INTERCEPT we adopt STT-MRAM as in the original evaluation [8].
For Sonic, we employ Flash memory according to the specifications
of the STMicroelectronics datasheets [50-52].
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Avg cost (std) | Avg cost (std)

DNN model MACCs | INTERCEPT Sonic
Mobilenet_96 7.5M 35 uJ (+28) 1.8 W (£3.8)
Mobilenet_224 41M 137 ] (£357) | 7.33 pJ (£6.5)
FDMobilenet_128 3.9M 13 pJ (£15) 1.51 yJ (¢3.7)
FDMobilenet_224 12M 54 pJ (+81) 7.1 yJ (£15)
IGN_24 25K 1.7 1] (£1.6) 0.6 pJ (£0.8)
IGN_48 68K 45 (£3.2) 1.3 J (£1.6)
Squeezenet 175M 280 pJ (+£246) 11 pJ (£22)

Table 2: Energy cost comparison of INTERCEPT and SoNIC
execution units for the DNNs models we test.
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Figure 8: Energy sources. We use three energy sources with distinct
patterns and power dynamics. JOGGING provides the least energy,
OFFICE provides the most energy, and WASHING lies in between. Blue
traces are used for off-line optimization, while orange ones are used
for evaluation. The evaluation traces consistently have lower energy
content than the optimization traces: —15.11% for JOGGING, —21.56%
for WASHING, and —6.74% for OFFICE.

We select workloads from the STM32 Model Zoo, covering di-
verse DNN models. Their main characteristics are summarized
in Tab. 2, including architecture, parameter count, activation size,
and energy profile. This set is representative of typical embedded-
inference workloads and ensures generality of the results.

As input to LEACS, we choose three diverse real-world energy
sources from Bonito [17], each with different energy content and
power dynamics. For each of these sources, Bonito provides mul-
tiple traces, so-called “nodes” in the Bonito open dataset. In our
experiments, LEACS performs off-line optimization using one spe-
cific trace from a given source, as illustrated in Fig. 6, and we then
evaluate its performance on a different trace from the same source.

SenSys '26, May 11-14, 2026, Saint Malo, France

Panasonic FM series specs
Rated voltage 6.3V
Capacitor catalog range | [4.7 uF — 400 pF]
Leakage current 0.01CV
Table 3: Specifications of the capacitor catalog.

This setup ensures that the evaluation conditions differ from those
used during optimization, thereby highlighting LEACS’s ability to
generalize to previously unseen energy dynamics.

Fig. 8 shows an excerpt: the traces used for off-line optimization
are shown in blue, whereas those used for performance evaluation
are shown in orange. Note how the traces used for evaluation
consistently provide lower energy than those used for optimization:
—15.11% for JOGGING, —21.56% for WASHING, and —6.74% for OFFICE.
The JoGGING traces include the one we use in Sec. 3. The WASHING
traces track the output of a piezoelectric harvester mounted on an
industrial washing machine, providing bursts of energy when it
operates. The OFFICE traces report the power from solar panels
embedded within a floor.

The sources we consider cover a sizable slice of the spectrum

of possible energy dynamics [9]. The JOGGING source is scarce
in overall energy content and provides quasi-periodic bursts of
power, as shown in Fig. 8a. The WASHING source provides more
total energy than JoGGING, but with a distinct pattern of long high-
power bursts corresponding to the times the machine is operating,
as in Fig. 8b. The OFFICE source provides the most energy overall,
but with occasional periods of lack of power due to occlusions of
the panel, which may stretch for minutes, as in Fig. 8c.
Metrics and baselines. The primary metric we measure is the
overall system throughput, defined as the number of inference pro-
cesses completed within the unit of time. This represents how
efficiently the system employs available energy and directly links
to the perceived quality of service provided to end users. Because
of the off-line operation of LEACS, we bear no run-time overhead.
We consider four baselines representative of the state of the art.

1) CHECKPOINT: the system uses multiple capacitors [14] and
execution units map to single layers in the model. This con-
figuration represents the established system design in the
absence of specific support for intermittent inference.

2) INTERCEPTDEFAULT [8]: the system uses multiple capacitors
and an off-line toolchain that groups layers in a single exe-
cution unit to reduce the number of state persistence opera-
tions. The largest capacitor is selected to ensure completion
of the most energy-demanding layer, other capacitors are
selected as a fixed fraction of the largest one.

3) SoNICDEFAULT [19]: the system uses a single capacitor and a
programming technique to split model execution into units
smaller than a layer. Of those used by Gobieski et al. [19],
only the 100uF capacitor can be used here, as it is the only
configuration that ensures completion of all DNN in Tab. 2.

4) SONICMANUAL: this is the same execution technique as SoNIc.
For each DNN in Tab. 2, we select the smallest capacitor from
our catalog that ensures completion of the inference, adding
diversity to the configuration we test.

We measure run-time throughput by re-using the technique
we describe in Sec. 4 to compute the objective function in LEACS,
which applies to the baselines as well.
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Figure 9: LEACS throughput speedup over the baselines, depending on the model and energy source. Values are averaged over
MCUs. Models with greater diversity in the energy costs of the single execution units enjoy the most benefits, as LEACS matches these different
energy demands with the proper capacitors. Integrating LEACS with INTERCEPT boosts the gains as the capacitor selection is re-evaluated at each
iteration of the INTERCEPT optimization loop; whereas LEACS redefines the SONICDEFAULT configuration because of the significant leakage.

We summarize the capacitor catalog we consider in Tab. 3. We se-
lect components from the Panasonic FR-A series of radial aluminum
electrolytic capacitors, spanning values from 4.7uF to 400uF in 1uF
increments. We choose the FR-A series because it offers a practi-
cal capacitance range for the target MCUs and workloads, as well
as datasheet-documented leakage values, ensuring a reproducible
evaluation basis. Its leakage characteristics are also representative
of typical aluminum electrolytic capacitors of similar sizes [43, 45]
and comparable in magnitude to tantalum [35, 53], film [16, 46],
and ceramic types [34]. FR-A therefore sits between low- and high-
leakage extremes, making it a fair and representative choice for our
study. Each capacitor is rated for 6.3 V, which is well above the maxi-
mum operating voltage of the target MCUs, ensuring safe operation.
We model leakage as I} = 0.01CV, following the specification in
the component datasheet [49], where C is the capacitance and V is
the voltage reading across the capacitor.

5.3 Results

We observe no significant difference in the trends depending on
the kind of MCU, mostly because of the interplay between power
efficiency and clock speed. We discuss next the dimensions that
expose interesting trends in the data we collect.
Models. Fig. 9 shows the throughput speedup obtained with LEACS,
normalized to the throughput obtained by each baseline, as a func-
tion of model and energy source. The improvements peak at a 3.4X
factor, with an average of 1.59x.

Comparing Fig. 9 with Tab. 2 allows one to note that models with
greater diversity in the energy cost of single execution units are

those that benefit more from LEACS. For instance, FDMobilenet_224
is a model with a few high-cost convolutional layers interleaved
with many low-cost operations. With FDMobilenet_224, LEACS
achieves up to a 2.05X throughput improvement. In contrast, IGN_48
is a lighter network with more uniform execution costs. We observe
a more modest 1.20X speedup in this case.

We argue that these improvements come from the way LEACS
configures the capacitor array. When layers exhibit diverse energy
requirements, we assign the smallest capacitor to each execution
unit that ensures completion of the workload, while compensating
for capacitor leakage depending on the dynamics of the specific
energy source and within the upper bound on the number of ca-
pacitors. This reduces the amount of energy wasted because of a
sub-optimal energy allocation to each execution unit. If a network
consists of layers with roughly equal energy cost, the design space
reduces and thus LEACS enjoys fewer degrees of freedom. Most
capacitor assignments yield similar performance in this case.
Baselines. Fig. 9 shows that, depending on the baseline we compare
with, LEACS achieves an average 1.54X speedup over CHECKPOINT,
a 1.59X speedup over INTERCEPTDEFAULT, a 1.8X speedup over
SONICMANUAL, and a 1.87X speedup over SONICDEFAULT.

These gains stem from different trade-offs between leakage losses
and the energy cost of persisting intermediate states. In CHECK-
POINT, this operation occurs after every execution unit without
other energy consideration. Fig. 9a shows that LEACS significantly
improves performance even when limited by rigid placement of
persistence operations. For INTERCEPTDEFAULT, energy efficiency
already improves over CHECKPOINT by grouping execution units
within the INTERCEPT optimization loop. Integrating LEACS within
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Figure 10: LEACS performance depending on energy source.
Values are averaged across models, MCUs, maximum number of ca-
pacitors M, and baselines. The gains of LEACS are more significant
for energy-poor sources, where the impact of leakage is greater. Not
considering leakage in LEACS produces worse configurations than the
baselines, as LEACS systematically employs the largest capacitor.

INTERCEPT, as shown in Fig. 9b, further refines capacitor selection
following the placement of state persistence operations.

In the case of SonicDEFAULT, Fig. 9c indicates how applying
LEACS lets developers avoid inefficient design choices. On the Jog-
GING source, the 100uF configuration performs especially poorly:
this configuration bleeds away a substantial amount of energy be-
cause of leakage even before the device activates, as we illustrate in
Fig. 2a. In this scenario, we identify a much smaller capacitor value,
taming the effect of leakage and drastically boosting throughput.
The strategy we employ in SONICMANUAL minimizes leakage by
employing the smallest capacitor that ensures eventual comple-
tion. On the other hand, this configuration causes frequent energy
failures and incurs high overhead from state persistence opera-
tions. LEACS selects a moderately larger capacitor that amortizes
this overhead without incurring excessive leakage, yielding again
significant improvements as shown in Fig. 9d.

Integrating LEACS within different baselines does not compro-

mise semantics. With SoNIc, correctness is preserved since only
capacitor selection changes, not the execution strategy. Similarly,
for pipelines already optimizing persistence operations under a
fixed capacitor, as in INTERCEPT, LEACS adds performance by ex-
posing energy storage as an optimization dimension.
Energy source. Fig. 10 summarizes LEACS performance depending
on the energy source, averaged across models, baselines, and maxi-
mum number of capacitors. The blue bars represent the through-
put speedup with the original LEACS. With the energy-poor Jog-
GING source, we achieve the highest throughput speedup, about
1.85x across all settings we explore, while the energy-rich OrFicE
source shows a more limited 1.36x speedup. This aligns with our
design rationale: when energy is limited, capacitors often dwell
near empty, so leakage current represents a large fraction of energy
drain. LEACS is especially designed to tame these effects and thus
achieves the greatest relative performance improvements. In con-
trast, when energy is abundant, leakage losses are relatively less
important as they are partly compensated by the energy source.

These results confirm that LEACS is most beneficial in energy-
scarce environments where minimizing leakage is critical. In energy-
rich settings, the advantage is smaller but still appreciable.
Impact of leakage during optimization. The yellow bars in
Fig. 10 report the performance of a purposely modified LEACS that
ignores capacitor leakage when selecting the capacitor array. Inter-
estingly, this may produce configurations that perform even worse
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Figure 11: LEACS performance depending on the maximum
number M of capacitors from the catalog. Values are aver-
aged across models, MCUs, and CHECKPOINT as well as INTERCEPT.
Throughput speedup increases with a higher upper bound on the num-
ber of capacitor, but eventually flattens after a certain value of M.

than the baselines. This is especially true with the JoGGING source,
matching our observations in Sec. 3 that energy-scarce sources are
most vulnerable to capacitor leakage. In these cases, LEACS nat-
urally tends to use the largest capacitors in the catalog, precisely
because it ignores the significant leakage they may suffer, while
enabling the longest activation cycles and thus the fewest energy
failures. No predetermined configuration in the literature or in our
baselines uses capacitors that large.

On the other hand, sources that compensate for capacitor leakage,
such as WAsHING and OFFICE, do not particularly suffer from the
use of large capacitors. The performance of LEACS with those
sources in the yellow bars of Fig. 10 is on par with the baselines.
Number and size of capacitors. Fig. 11 shows the performance of
LEACS as a function of the maximum number M of capacitors. We
restrict the analysis to the CHECKPOINT and INTERCEPT baselines
here, as they are those employing multi-capacitor configurations.
The results are obtained by setting M to the exact number of capac-
itors employed by the baselines; thus, LEACS can only employ the
same number of capacitors as the baselines, or fewer.

Fig. 11 indicates that larger values for M correspond to higher
throughput speedup, up to a point. With M set to 3 capacitors,
the speedup is relatively modest, corresponding to a 1.42X factor
averaged over energy sources, then it increases to a 1.53% factor
with M set to 4 capacitors and to a 1.65X factor with M set to 5
capacitors. According to the earlier discussion, the improvements
are more pronounced for the JOoGGING source. Increasing M to 6
capacitors, nonetheless, offers only a tiny additional gain, resulting
in a 1.66x speedup. In other words, the benefit of extra capacitors
plateaus around M =5 in our tests.

This trend shows that more capacitors mean more degrees of
freedom to fit each execution unit with just enough energy and
minimal leakage. The CHECKPOINT baseline chooses one large ca-
pacitor to cover the most energy-demanding layer and then selects
the others as predetermined fractions of the former, which may
leave some layers served by far too large capacitors. In contrast,
LEACS systematically searches all configurations. With M =5, es-
sentially every layer in every model is powered by a nearly optimal
capacitor, and increasing M further adds negligible benefit.

Fig. 12 shows the symmetrical analysis for SonicDEFAULT, which
employ a single capacitor. The plot graphically depicts how through-
put varies with capacitor size for a given energy source. The trends
at stake align with the throughput versus capacitance trade-off.
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Figure 12: Capacitor selection trend with LEACS in SoNIcDE-
FAULT. The trends demonstrate the trade-off between throughput and
capacitor size, depending on the energy source. LEACS determines the
maximum throughput at a sweet spot that balances the overhead of
energy failures, recharge times, and leakage. This sweet spot, indicated
by red dashed lines in the figures, occurs at 19 uF for the JOGGING
trace, 65 UF for the WASHING trace, and 78 iF for the OFFICE trace.

Small capacitors would cause too many energy failures and thus
increase the overhead of state persistence operations, whereas large
capacitors suffer from leakage. Throughput peaks at an intermedi-
ate capacitor size that represents a sweet spot between conflicting
dimensions. LEACS precisely identifies this sweet spot.

6 Discussion

Input data precision and availability. The precision and avail-
ability of input data might limit the applicability of LEACS. Nonethe-
less, the accuracy of off-line energy profiling of inference models is
vastly demonstrated in the literature, especially when combining
profiling experiments on real hardware and datasheet informa-
tion [2, 8, 10, 13, 22, 42, 47]. Similar considerations apply to the
capacitor behaviors, including the charge-discharge dynamics in
terms of timings and currents. These trends are accurately docu-
mented and characterized by means of empirical measurements
and derived analytical models [24, 33, 44, 48].

A more critical aspect may be the availability of energy traces.
We use those of Bonito [17], which offers a combination of publicly
available datasets. Other similar datasets, nonetheless, also exist [1,
2, 20] and are used even in global competitions [26]. Collecting
new traces does require a relevant effort in the implementation
of the experimental testbed and in data collection. However, we
maintain that i) as the field progresses, establishing a benchmarking
framework to compare different solutions becomes a necessity,
as seen in other closely-related areas [11], and hence additional
push is likely to exist to make energy traces publicly available;
and ii) as hardware platforms specific to intermittent computing
emerge [18, 21], the effort to collect energy traces may likely reduce.
Throughput estimation. We use the aforementioned input data
in the evaluation of system throughput. The kernel of that estima-
tion is the integral model for computing the energy variation of
the capacitor over time. As hinted before, energy consumption is
additive and therefore can be decomposed into separate contribu-
tions. For those that are represented analytically, such as leakage
current, our prototype performs an analytical computation of the
integral over the specified time frame. For the other contributions
modeled by traces, our implementation mimics the Riemann sums
numerical method for a fast, approximate evaluation of the integral.
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This yields an accurate evaluation of the energy variation over time
and, as a consequence, of the throughput achieved by the system.
Hardware variation and harvester aging. Beyond leakage, addi-
tional real-world aspects such as hardware variation and harvester
aging may influence system performance. In our evaluation, we
used the rated capacitance values reported in component datasheets;
however, actual capacitance may vary due to manufacturing toler-
ances and drift over time. Such deviations can be easily accounted
for by measuring the actual capacitance of the components intended
for deployment and providing these measured values to the LEACS
capacitor catalog prior to optimization. This procedure does not re-
quire any modification to the optimization algorithm, as it naturally
operates on the supplied capacitance values.

Harvester aging represents another source of variability. Our

evaluation setup intrinsically captures this effect: the traces used
for evaluation consistently provide less available energy than those
used during optimization, as we show in Fig. 8. This scenario emu-
lates a harvester whose output has degraded over time, yet LEACS
continues to deliver throughput improvements under such condi-
tions. To quantify the expected impact, consider that solar panels
typically degrade by 0.6 — 1.75% per year [6], while piezoelectric
harvesters can experience up to 32% degradation after 10 X 10°
heavy intermittent load cycles (approximately three years of road
traffic) [54]. The energy traces we employ thus approximate realis-
tic long-term use. Capacitor aging adds to long-term variation, with
capacitance losses ranging from under 1% to 15% after 10, 000 hours
of operation [56]. This effect reduces available energy storage over
time. Similarly to harvester aging, LEACS remains effective as long
as the largest capacitor can sustain the most energy-demanding
DNN layer; otherwise, re-profiling and re-running LEACS with
updated measurements restores optimal operation.
Capacitor technology. LEACS is not tied to any specific capacitor
family or technology. Leakage is treated as a parameter within the
optimization process: users may supply the leakage characteristics
of tantalum, ceramic, or supercapacitors, and LEACS computes
the corresponding optimal configuration without requiring any
modification to its design. As a result, LEACS is applicabile across
a wide range of capacitor technologies.

7 Conclusion

We presented LEACS, a compile-time technique that automati-
cally determines an efficient energy storage configuration for in-
termittent inference workloads. LEACS tailors the capacitor se-
lection to the dynamics of a given energy source and by taking
capacitor leakage into account. LEACS operates by solving a MILP
problem coupled with a custom evaluation of system throughput
during optimization that is both accurate and avoids introducing
non-linearities in the problem formulation. We integrate LEACS
with Sonic and INTERCEPT and measure the performance improve-
ments compared to the original designs. LEACS improves inference
throughput by up to 3.4X, with an average 1.59x across the settings
we test. The benefits are greater on models with higher diversity
in the energy demands of execution units, as LEACS matches the
capacitor selection to this diversity, and with energy-scarce sources,
as the effect of leakage is more pronounced there.
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