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Abstract—Intermittent systems powered by harvested energy
face significant challenges due to limited memory and fluctuating
energy availability. These challenges are further amplified in
real-time applications such as environmental monitoring, where
multiple DNN (Deep Neural Network) tasks must satisfy strict
timing guarantees and maintain high inference accuracy. Existing
solutions based on lightweight static or dynamic DNNs suffer
from the lack of energy adaptability and/or excessive memory
overhead, making them unsuitable for real-time intermittent
systems. To address these limitations, we propose LEAF, a novel
layer-wise energy-adaptive framework for real-time intermittent
systems executing multiple DNN tasks. LEAF consists of three
key components: (i) a runtime-reconfigurable DNN model and
training methodology that supports multiple latency–accuracy
trade-offs without incurring additional memory overhead; (ii) an
energy-aware time budget abstraction that integrates intermittent
inference behavior into existing timing guarantee frameworks;
and (iii) a runtime scheduling mechanism that jointly leverages
the model and abstraction to ensure both timing guarantees and
high inference accuracy. Experimental results demonstrate that
LEAF ensures the timely, energy-aware execution of multiple
DNN tasks with higher accuracy compared to existing solutions,
validating its effectiveness for real-time intermittent systems.

I. Introduction

An intermittent system operates using energy harvested

from the environment (such as RF, solar, or thermal en-

ergy), without relying on stable energy sources [1]–[3]. Their

suitability for long-term remote or large-scale sensing de-

ployments, where battery maintenance and waste are major

burdens, has motivated the deployment of batteryless devices

built on ultra-low-power MCUs (microcontroller units). As a

result, these batteryless systems are increasingly adopted in

applications like wildlife monitoring and bio-sensing, where

multiple sensors perform on-device data analysis [4]. In such a

context, consider a forest-deployed device tasked with periodic

image analysis for environmental monitoring. Within each

sensing interval, such a device typically executes multiple

DNN (Deep Neural Network) tasks [5]. In these scenarios,

DNN tasks must be completed on time to enable their timely

inferences. To function reliably in these environments, real-

time intermittent systems executing multiple DNN tasks must

achieve the following key requirements:

R1. To guarantee the completion of multiple DNN tasks

within their specified deadlines, and

∗Jinkyu Lee (corresponding author) initiated this work while affiliated with
Sungkyunkwan University.

R2. To maximize overall inference accuracy for multiple DNN

tasks.

However, the deployment of multiple DNN tasks in real-

time intermittent systems is fundamentally limited by the way

of supplying energy and the resource scarcity of ultra-low-

power MCUs, leading to the following critical constraints that

make it challenging to satisfy R1 and R2.

C1. The nature of energy harvesting leads to fluctuations in

both the amount and timing of available energy, and

C2. Intermittent systems are designed for ultra-low power,

which severely limits the available memory space.

While no existing study fully addresses both R1 and R2

in the context of multi-DNN intermittent systems subject to

C1 and C2, several prior studies are relevant to tackling

these challenges. The first category of studies addresses either

R1 [6], [7] or R2 [8] in isolation, but it fails to satisfy the

other requirement and does not support multiple DNN tasks.

The second category helps to address R1 under C1 and C2 for

single-DNN inference by compressing and statically deploying

lightweight DNN models [9], [10]. However, due to C1, even

models using pruning techniques remain static and cannot

adapt to fluctuating energy, thus failing to meet R2. The third

category enhances adaptability to dynamic energy conditions

by introducing runtime-adjustable architecture (such as model

switching [11] or multi-exit mechanisms [12]). Nevertheless,

these approaches cannot ensure timely DNN inference (thereby

failing to meet R1) and incur additional memory overhead

(thereby unfavorable to meet C2).

To overcome these limitations, this paper propose LEAF,

a novel layer-wise energy-adaptive framework for real-time

intermittent systems executing multiple DNN tasks. LEAF

aims to address the following key issues:

I1. How can we (re-)design a DNN model and its training

process that (i) supports multiple latency-accuracy trade-

off options, (ii) incurs no (or minimal) additional memory

overhead, and (iii) enables dynamic runtime reconfigura-

tion that leverages (i)?

I2. How can we characterize DNN inference behavior on

intermittent systems and develop an interface that incor-

porates this behavior into the existing timing guarantee

frameworks?

I3. How can we achieve both R1 and R2 under C1 and C2

by leveraging the solutions to I1 and I2?
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Fig. 1: System overview of LEAF

For I1, we (re-)design a dynamic-width DNN architecture in

Fig. 1(a) that allows for layer-wise adjustment of computational

cost without requiring any additional weights, making it suit-

able for memory-constrained intermittent systems. In addition,

we develop a consistency-aware training process in Fig. 1(b) to

support runtime adaptation, enabling the model to dynamically

adjust its configuration during inference based on energy and

timing conditions. This tailored training procedure ensures

reliable operation under runtime variability while maintaining

high inference accuracy.

As to I2, we develop an energy-aware time budget ab-

straction that captures how intermittent power supply affects

execution timing in a way compatible with existing real-time

scheduling principles. By accounting for delays due to energy

harvesting and intermittent execution overhead, this abstraction

forms the basis for incorporating energy-related uncertainty

into traditional real-time scheduling frameworks, which in turn

enables systematic analysis and timing guarantees for DNN

inference under fluctuating energy conditions.

For I3, we first ensure that the system can select feasible

width configurations that meet task deadlines while preserving

a guaranteed minimum level of inference accuracy. Beyond

this baseline, we propose a runtime adaptation mechanism that

dynamically selects the most accurate configuration feasible

within the pre-established energy and timing budgets. Building

upon the energy-aware time budget abstraction defined in

I2, this mechanism explores candidate configurations at each

decision point and chooses the one that maximizes inference

accuracy without violating timely execution guarantees, as

illustrated in Fig. 1(c).

Implementing LEAF on a TI MSP430FR5994 [13], exper-

imental results demonstrate that LEAF achieves 100% dead-

line satisfaction even when executing 2–4 DNN tasks under

dynamic energy conditions, and improves inference accuracy

by up to 10% compared to static models with fixed widths.

In contrast, the multi-exit model fails to operate beyond two

DNN tasks due to memory overflow.

In summary, this paper makes the following contributions.

• We develop LEAF, the first attempt to address R1 and R2

in multi-DNN intermittent systems subject to C1 and C2.

• We adapt a memory-efficient DNN architecture and tailor

its training process that enable dynamic layer-wise run-time

adaptation to balance latency and accuracy (§III).

• We propose a novel abstraction that integrates energy har-

vesting behavior into existing real-time scheduling princi-

ples (§IV).

• We develop a scheduling framework that dynamically ad-

justs layer-wise widths at runtime while preserving offline

real-time guarantees (§V).

• We demonstrate the effectiveness of LEAF through exten-

sive real-world and simulation experiments (§VI).

II. Related Work

Static model compression for energy-efficient DNN infer-

ence. Recent studies have exploited pruning and quantization

to lower DNN inference cost [9], [10]. These methods reduce

memory footprint and inference latency to support DNN

tasks on batteryless, intermittent devices under tight resource

constraints. However, they focus on static memory/latency

optimization and fail to adapt to dynamic changes in energy-

harvesting conditions.

Dynamic neural networks for runtime adaptation. Recent

research has introduced dynamic DNN models that lever-

age the trade-off between latency and accuracy by adjusting

the network depth [12] or width [14], [15]. These methods

are primarily designed for continuously powered systems.

Depth-based approaches rely on coarse, pre-defined adaptation

mechanisms, such as selecting among a limited set of exit

points, while width-adaptive models typically select a fixed

configuration prior to execution. As a result, existing dynamic

DNNs provide limited fine-grained control of inference com-

putation under intermittent execution. Approaches such as [16]

apply depth-based early exits in energy-harvesting settings by

selecting exit points based on energy and latency conditions.

However, the additional model components incur memory

overhead, limiting their applicability to memory-constrained,

real-time intermittent systems.

Considering timeliness of tasks in intermittent systems.

Several works [5], [6], [17] employ scheduling techniques

aimed at maximizing the number of DNN jobs that meet

their deadlines under energy constraints. Additionally, [8]

uses reinforcement learning to improve deadline satisfaction.

However, these approaches provide only best-effort timeliness

and do not offer hard real-time guarantees.

In summary, existing studies lack both hard real-time guar-

antees and fine-grained adaptation. This leaves a gap for

solutions that simultaneously provide granular flexibility and

strict time-predictability.
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III. Design of DNN Model and Training Process

In this section, we address I1 of the introduction. To this

end, we re-design an existing dynamic-width DNN to make

it suitable for runtime adaptation in intermittent systems. This

involves modifying the model to satisfy the three qualifications

explained in I1 of the introduction. We then develop the train-

ing process, which also supports the model’s qualifications.

A. Qualified DNN Model Re-Design

As we explained in I1 of the introduction, we need a DNN

model qualified as follows.

• Latency-accuracy trade-off flexibility: to support multiple

options in DNN inference for exploring the latency-accuracy

trade-off.

• Memory efficiency: to incur no (or as little as possible)

additional memory overhead for DNN inference.

• Runtime adaptivity: to allow dynamic runtime reconfigura-

tion for the latency-accuracy trade-off in DNN inference.

A common strategy for enabling latency-accuracy trade-offs

in DNN inference is to adjust the model depth, as seen in

multi-exit architectures [12]. These models attach auxiliary

classifiers to intermediate layers, allowing early termination

when prediction confidence is high. In our evaluation, we

implement the multi-exit baseline according to the original

design in [8], where exits are attached at intermediate layers.

However, this design incurs non-trivial memory overhead

because each exit adds extra parameters that scale with the

feature dimensions of intermediate layers. As shown in Fig. 2

(labeled as ME), where the evaluation settings follow Sec-

tion VI, our implementation adds two auxiliary exits, requiring

16 KB and 23 KB (in total 39 KB) of additional memory

space, respectively. When added to the base model size of

31 KB (labeled as BASE), the total memory requirement

increases to 70 KB, which is approximately 2.3× larger than

the base model alone. Such memory requirements are difficult

to accommodate on resource-constrained devices, making this

approach less suitable for intermittent systems.

To overcome this limitation, we adopt a width-scalable

design that adjusts inference cost by varying the width of

each layer. This mechanism avoids structural changes and

does not require additional weights. By selectively reducing

the active width, the model enables fine-grained control over

computation, lowering latency with minimal accuracy degra-

dation. Although width-scalable models have been proposed

before, they lack the ability to dynamically adjust width during

inference. In our approach, we re-design the DNN model such

that layer-wise width can be dynamically adjusted at runtime

as shown in Fig. 1(a), allowing the model to scale its compu-

tational load based on system conditions. As a result, wider

configurations yield higher accuracy at the cost of increased

execution time. For example, as shown in Fig. 3, using the

narrowest configuration (width 0.25 across all layers, meaning

each layer computes at 25% of the full model capacity)

achieves 62% accuracy with minimal latency, while using full

width achieves 72% accuracy with 3.6× longer latency. Unlike

0 10 20 30 40 50 60 70 80

Conv1 Conv2 Conv3 Conv4 ConvE1
ConvE2 FC_E1 FC_E2 FC_E3
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Fig. 2: Memory usage
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Fig. 3: L-A tradeoff

multi-exit architectures, which require additional parameters

for each exit, our dynamic-width approach offers more fine-

grained trade-off control while maintaining the same memory

footprint as the base model as shown in Fig. 2 (labeled as

LEAF), making it well-suited for deployment in memory-

constrained intermittent systems.

While this dynamic-width architecture provides memory-

efficient control over inference cost, the architecture itself can-

not lead to runtime adaptivity. This introduces a key training

challenge in ensuring that the model generalizes well across

all dynamically selected width configurations. We address this

challenge in the following subsection.

B. Training Process Development

We aim at developing a training process that supports

the qualifications outlined above, with a particular focus on

enabling runtime adaptation. Although prior studies such as

US-Net [14] and OFA [18] have explored training methods for

dynamic-width models, they assume a fixed width configura-

tion during inference. As a result, these approaches cannot sup-

port fine-grained, runtime layer-wise reconfiguration needed in

intermittent systems.

To address this limitation, LEAF aims to train a dynamic-

width DNN that remains robust under varying runtime width

configurations, designed to tackle two key challenges:

1) Width-aware parameter adaptation: to ensure that parame-

ters can flexibly adapt to varying layer-wise width settings.

2) Representation consistency: to maintain stable internal fea-

ture representations, even when the active width selection

changes dynamically.

LEAF extends the sandwich rule [14], which trains a

network at its widest, narrowest, and a few random uniform

widths across all layers. However, this uniform width strategy

cannot expose the model to per-layer width combinations

and produces inconsistent intermediate representations. LEAF

solves these issues by sampling a different width for each

layer in every iteration, adding a feature-level consistency loss

(Lconsist in Eq. (1)) to align sub-network features with a full-

width teacher. To further support stable feature learning un-

der reduced-width configurations, LEAF also adopts channel

reordering [18], which rearranges channels within each stage

based on their L1-norm importance, a widely adopted measure

of importance, ensuring that narrow configuration preserve the

most important channels.
These strategies are unified under a staged training, where

the model is progressively exposed to wider ranges of width
combinations while enforcing representational consistency.
This design allows narrower sub-networks to learn from the
representations of the full-width model, stabilizing optimiza-
tion and preventing severe accuracy degradation that can arise
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when all width configurations are trained jointly from scratch.
The learning process is guided by a composite loss function

(denoted by Ltotal) that balances three objectives: prediction
accuracy, knowledge transfer, and internal stability.

Ltotal = U · Lcls + (1 − U) · Ldist + W · Lconsist, (1)

where U and W are hyper-parameters that balance the three

objectives. Each term in the objective serves a specific role:

• Classification loss (Lcls): We used cross-entropy loss [19],

defined as Lc = −
∑#2

8=1
H8 log Ĥ8 , where #2 is the number

of classes, H8 is the true label (one-hot encoded), and Ĥ8
is the predicted probability. This loss encourages accurate

predictions across all widths configuration.

• Knowledge distillation (Ldist): We used soft-label distil-

lation [20] to transfer the teacher’s generalization to the

student. The loss is defined as Ldist = −
∑#2

8=1
?C ,8 log ?B,8 ,

where #2 is the number of classes, and ?C ,8 and ?B,8
denote the softened probabilities of class 8 from the teacher

and student networks, respectively. They are computed by

applying temperature-scaled softmax: ?8 =
exp(I8/TC4<? )

∑

9 exp(I 9/TC4<? )
,

where I8 (likewise I 9 ) is the logit for class 8 (likewise 9), and

TC4<? is a temperature parameter that smooths the output

distribution. This loss encourages the student to mimic the

teacher’s output distribution, maintaining accuracy across

all width settings, even at reduced widths.

• Representational consistency (Lconsist): This loss is defined

as Lconsist =
∑#!

;=1
∥ 5B,; − 5C ,; ∥

2, where 5B,; and 5C ,; denote

the intermediate feature maps at layer ; from the student and

teacher networks, respectively, and #! is the total number

of aligned layers [21]. It encourages consistent internal

representations across widths, supporting stable inference

even with narrow width configurations.

Our training in Algorithm 1 implements the strategies de-

scribed above within a staged training process, where training

proceeds over multiple stages. The network is initialized at full

width to establish a high-accuracy baseline (Line 1). At each

stage (B), a progressively wider width range [F
(B)

min
, F
(B)
max] is

applied, allowing the model to gradually adapt to increasingly

complex configurations (Line 2). LEAF is trained over a

number of epochs (4) (Line 3), and each epoch iterates over

batches (1) of training data (Line 4), where X1 denotes

the input batch. For every batch, LEAF receives soft labels

( Ĥ (C ) ) and intermediate feature maps (� (C ) ) from the pre-

trained teacher "C (Line 5). LEAF is then exposed to a

width range via the extended sandwich rule, generating Ω with

minimum, maximum, and randomly sampled intermediate

widths (Line 7). For each configuration (,� ) (Lines 8–11),

LEAF computes the composite loss Ltotal by Eq. (1). The total

loss is accumulated and backpropagated (Line 13). To support

narrow-width configurations, we reorder channels at the end

of each stage (except the last) based on L1-norm importance

(Line 17).

IV. Energy-Aware Time Budget Abstraction

This section develops an energy-aware time budget abstrac-

tion that is capable of integrating intermittent energy behavior

Algorithm 1 Layer-wise width adaptation training

1: Initialize: LEAF at full width
2: for B = 1→ ( do ⊲ Stage B with widths [F

(B)

min
, F
(B)
max ]

3: for 4 = 1→ � do
4: for 1 = 1→ � do
5: ( Ĥ (C ) , � (C ) ) ← "C (X1 ) ⊲ Teacher outputs
6: L ← 0
7: Ω← {F

(B)

min
, F
(B)
max} ∪ {random}=sandwich

8: for ,� ∈ Ω do
9: Set width to ,�

10: ( Ĥ, � ) ← LEAF(X1 ) ⊲ LEAF outputs
11: L ← L + Ltotal in Eq. (1)
12: end for
13: Update parameters by backpropagating L
14: end for
15: end for
16: if B < ( then
17: Reorder channels based on L1-norm importance
18: end if
19: end for

into real-time scheduling principles. We first present our

DNN inference task model, and then characterize the power-

off and power-on cycles of intermittent systems. Based on

this, we derive conservative time bounds that enable deadline

guarantees for each DNN task under variable energy supply.

A. DNN Inference Task Model

In real-time intermittent systems, each DNN task g8 ∈ g

is periodically triggered with sensor input and specified as

()8 , %
max
8
), where )8 is the period (& the relative deadline), and

%max
8

is the worst-case power consumption during execution.

Each job (instance) of g8 must be completed before the next

job’s release. Each task g8 consists =8 layers, and the worst-case

execution time (WCET) of each layer of g8 varies depending on

its selected width configuration. Let �8, 9 (F8, 9 ) denote WCET

of g8’s 9-th layer at width F8, 9 , and �8 (w8) =
∑=8

9=1
�8, 9 (F8, 9 )

denote WCET of g8 under a layer-wise width configuration

w8 = (F8,1 ∈ ,8,1, . . . , F8,=8 ∈ ,8,=8 ), where ,8, 9 is a set of

candidate widths for g8’s 9-th layer.

B. Characterizing Intermittent Inference Behavior

In real-world harvesting environments, the energy supply is

not deterministic but constantly varying. Consequently, for a

task g8 , the actual completion time under configuration w8 may

exceed �8 (w8) due to this continuous variability. To provide

timing guarantees (R1) despite these fluctuations, we char-

acterize the system behavior using conservative deterministic

bounds derived from the worst-case energy conditions, which

is illustrated by the execution pattern in Fig. 4.

Intermittently-powered devices remain off until the energy

stored in the capacitor reaches a threshold �on. During the

power-off (harvesting only) phase [C0, C1) as shown in Fig. 4,

the system performs no computation and solely harvests en-

ergy. Once powered on, the device executes workload while

simultaneously harvesting energy in the power-on (harvesting

and execution) phase [C1, C2). However, as the energy con-

sumption during computation generally exceeds the harvesting

rate, the net energy level decreases. When energy depletes, the

device re-enters a power-off phase, repeating the cycle.

To maintain execution progress across power cycles, in-

termediate results in volatile memory (VM) must be explic-

itly saved to non-volatile memory (NVM) before shutdown.

4
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Fig. 4: Worst-case execution behavior in intermittent systems

This process, known as checkpointing, ensures correctness in

subsequent reboots. We adopt static checkpointing at a fine-

grained level, partitioning computations into atomic blocks

and checkpointing only their outputs. If a shutdown occurs

during the execution of an atomic block (mid-block), only the

interrupted atomic block needs to be re-executed after reboot.

C. Developing Energy-Aware Time Budget Abstraction

We assume that the energy-harvesting system provides a

minimum power input, as commonly adopted in prior intermit-

tent computing studies studies [22]. Based on this assumption,

intermittent systems alternate between power-off and power-

on phases due to the nature of energy harvesting systems, as

discussed in Section IV-B. During the power-off phase, compu-

tation halts entirely, which makes existing real-time scheduling

principles that assume continuous execution, inapplicable. To

enable real-time guarantees under these conditions, we develop

energy-aware time budget abstraction that models energy har-

vesting delays explicitly.

Assuming a fixed-size capacitor, the amount of energy

required to power on the system from +off to +on is calculated

by �on =
1
2
C ·

(

+2
on −+

2
off

)

, where C denotes the capacitance of

the capacitor, +on is the voltage threshold required to power on

the system, and +off is the voltage at which the systems shuts

down. Then, the upper bound on the time required to harvest

the energy amount to �on is calculated by �max =
�on

%min , where

%min denotes worst-case energy input observed under realistic

environmental conditions. As shown in Fig. 4, ① represents

the power-off (harvesting only) phase during which the device

remains off and harvests energy at a minimum rate of %min.

During execution, g8 consumes energy stored in the capac-

itor while the system harvests additional energy. Therefore,

the minimum guaranteed continuous execution of g8 (denoted

by Emin
8 ) is derived as follows. The power-on phase marked

as ② in Fig. 4 represents the execution interval after power-

on, during which energy decreases at a maximum rate of

%max
8
− %min due to the net power consumption. This phase

lasts for Emin
8 , the minimum guaranteed on-time.

�on + %min · Emin
8 = %max

8 · Emin
8 ⇐⇒ Emin

8 =
�on

%max
8
− %min

(2)

As illustrated in Fig. 4, each intermittent execution cycle

consists of two distinct phases: ① a power-off (harvesting

only) phase and ② a power-on (harvesting and execution)

phase. These phases alternate until the task is completed.

Since the energy available per cycle is limited, the task spans

multiple cycles. The power-on phase includes overheads such

as checkpointing and re-execution, which are necessary to

ensure forward progress across power cycles. $max
8

represents

an upper bound of the overhead for g8 , which accounts for

checkpointing, power-failure recovery, and the re-execution of

interrupted atomic blocks under intermittent power.

Considering this cyclic phase structure, F8 (!) represents the

maximum time to complete the ! amount of execution of a

job of g8 , which includes all power-off and power-on phases,

calculated as follows.

Theorem 1: Suppose that a job of g8 is granted execution by

the scheduler from C0 to complete the ! amount of execution,

on an intermittent system. Then, the job of g8 finishes the !

amount of execution on an intermittent system, no later than

C0 + F8 (!), where

F8 (!) =

⌈

!

Emin
8
−$max

8

⌉

·
(

�max +$max
8

)

+ !, (3)

Proof: In every power cycle, at most �max + $max
8

time

is lost to power-off or overhead, while at least Emin
8 − $max

8

time contributes to useful execution. Therefore, no more than
⌈

!

Emin
8
−$max

8

⌉

cycles are required to complete ! amount of

execution. Summing the maximum lost time over these cycles

and adding ! yields the stated bound.

Applying the theorem, F8 (�8 (w8)) is an upper bound of time

to complete a job of g8 under a layer-wise width configuration

w8 . Note that all parameters for this abstraction can be obtained

through offline profiling, to be demonstrated in Section VI-B.

V. Real-Time Scheduling Principles for

Timing/Energy Guarantee & Accuracy Maximization

In this section, we present a scheduling framework for

real-time intermittent systems that ensures deadline satisfac-

tion (R1) and maximizes inference accuracy (R2). Based on

the energy-aware time budget abstraction introduced in Sec-

tion IV-C, we first develop how conservative timing guarantees

for R1 can be established using static layer-wise configurations.

We then extend this approach with a runtime adaptation

mechanism that dynamically adjusts layer widths to improve

accuracy while preserving deadline satisfaction.

A. Base Scheduling for Timing/Energy Guarantees

Theorem 1 can be applied to most (if not all) real-time

scheduling principles, as long as they operate in a non-

preemptive manner (due to the supposition of the theorem). In

this subsection, we demonstrate how Theorem 1 can achieve

R1 by applying it to an existing scheduling principle.

We target NP-FP (Non-Preemptive Fixed-Priority) schedul-

ing and its schedulability analysis in [23]. Here, schedulability

indicates whether all jobs meet their deadlines under the given

scheduling policy. Under NP-FP, each task is assigned a fixed

priority, which determines the order in which jobs start their

executions; once a job starts its execution, no other job can

preempt it. Let HP(g8) and LP(g8) denote the set of tasks with

priorities higher and lower than g8 , respectively.
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To incorporate the behavior of intermittent systems into

the NP-FP framework, we replace the original WCET �8 (w8)

with the intermittent-aware WCET F8 (�8 (w8)), as explained

in Theorem 1. This substitution allows us to directly reuse

existing schedulability tests without changing the underlying

analysis structure, as shown in the following lemma.

Lemma 1: Suppose that a DNN inference task set g under

a layer-wise width configuration {w:}g: ∈g on an intermittent

system is scheduled by NP-FP. Then, any job of g8 ∈ g does

not miss its deadline, if the following is satisfied.

'8 ≤ )8 , (4)

where the worst-case response time '8 is calculated by a

converged iteration such that '
(G+1)
8

= '
(G )
8

, starting from

'
(0)
8

= F8 (�8 (w8)) + maxg 9 ∈LP(g8 ) F9 (� 9 (w 9 )) using the fol-

lowing formula.

'
(G+1)
8

= F8 (�8 (w8)) + max
g 9 ∈LP(g8 )

F9 (� 9 (w 9 ))

+
∑

gℎ∈HP(g8 )

⌈

'
(G )
8

)ℎ

⌉

· Fℎ (�ℎ (wℎ)) (5)

Proof: Theorem 1 proves that F8 (�8 (w8)), F9 (� 9 (w 9 ))

and Fℎ (�ℎ (wℎ)) upper-bound the execution time of g8 with

w8 , g9 with w 9 and gℎ with wℎ, respectively on an intermittent

system. Lemma 1 in [23], which is an offline schedulability

test for NP-FP, is equivalent to this lemma by replacing the

original WCET of g8 , g9 and gℎ to F8 (�8 (w8)), F9 (� 9 (w 9 ))

and Fℎ (�ℎ (wℎ)), respectively. Therefore, this lemma holds by

Lemma 1 in [23] and Theorem 1.

Note that Lemma 1 in [23] (and therefore Lemma 1 in this

paper) uses a popular response time analysis framework, in

which the first, second and third terms in the right-hand-side of

Eq. (5) respectively present the WCET of g8 itself, the WCET

of a lower-priority blocking job, and the sum of the WCETs

of higher-priority jobs.

B. Runtime Adaptation for Accuracy Maximization

While Lemma 1 guarantees R1 for a given layer-wise

width configuration {w8}g8∈g , it fails to achieve R2. Achieving

R2 is particularly challenging in intermittent systems, where

energy availability varies due to alternating between power-

off/on phases, limiting the duration of continuous operation as

discussed in Section IV-B. In this context, simply increasing

the model width to improve accuracy can easily lead to

deadline misses due to insufficient execution time within power

cycles. This calls for a runtime mechanism that expands widths

beyond the given configuration only when energy-aware time

budget allows, while still preserving timely execution for all

tasks to be released in the future.

There exists a runtime mechanism based on NP-FP schedul-

ing [23], but it is not suitable for intermittent systems. In

this approach, once a job g8 is selected by the scheduler,

the available time budget is computed only once at the start

and remains fixed throughout execution. However, intermittent

systems experience time budget changes across layers due

Algorithm 2 Runtime width re-selection for remaining layers

1: Input: Task g8 to be executed, current time C0, deadline C� , remaining
candidate width set Wrem

8
, accuracy function Acc( ·)

2: Output: Selected width configuration w
rem
8

= (Frem
8,A

, . . . , Frem
8,=8
)

3: Initialize w
rem
8

, Δ8 ← C� − C0 ⊲ Time budget for g8
4: for all w

′
8
= (F′

8,A
, . . . , F′

8,=8
) ∈ Wrem

8
do

5: �rem
8,A
(w′

8
) ← F8

(
∑=8

D=A �8,D (F
′
8,D
)
)

6: if �rem
8,A
(w′

8
) ≤ Δ8 and Lemma 2 holds of all g 9 ∈ g \ {g8 } then

7: if Acc(w′
8
) > Acc(wrem ) then

8: Update w
rem
8
← w

′
8

9: end if
10: end if
11: end for

to fluctuations in harvested energy. Our DNN model’s layer-

by-layer design allows execution to adapt at each boundary,

requiring finer-granularity runtime decisions to match the

current energy availability without violating timing constraints.

1) After a job of g8 has been selected for execution according

to NP-FP, the system must determine, at the beginning of

each layer, whether and how to expand the width beyond the

remaining configurations in w8 . This introduces multiple

decision points per job, corresponding to the number of

layers in the model, without compromising scheduling

principles for NP-FP.

2) At each decision point, the system must carefully allocate

the remaining time budget across the unexecuted layers in

w8 . The goal is maximizing inference accuracy without

violating the job’s deadline. This is a non-trivial problem,

as the optimal choice depends not only on the remaining

time budget but also on the expected contribution of each

layer’s width to the final accuracy.

The importance of this decision is supported by exper-

imental evidence. As shown by the dashed blue vertical

line in Fig. 3, multiple width configurations yield similar

latency (around 8.3 seconds), but vary greatly in accuracy

(64.0% to 69.1%), depending on per-layer width allocation.

This demonstrates that accuracy depends not only on total

latency but also on width distribution. To enable such fine-

grained adaptation, we propose a runtime width re-selection

algorithm that dynamically determines the best configuration

for the remaining layers of each job. Algorithm 2 describes

the procedure for selecting optimal width configurations for

the remaining layers of task g8 at runtime.

This runtime width re-selection mechanism is invoked at the

beginning of each layer execution, but only applies to the layers

of g8 that have not yet been executed. The remaining configu-

ration of g8 is dynamically determined to maximize inference

accuracy while satisfying the task deadline. The remaining

time budget Δ8 as the difference between the task deadline C�
and the current time C0. The algorithm begins by initializing

the remaining width configuration w
rem
8

to a narrowest setting

(Line 3). LetWrem
8

denote the set of all possible width config-

urations for the remaining layers of task g8 , formally defined

as Wrem
8

=
{

(F8,A , . . . , F8,=8 )
�

� F8, 9 ∈ ,8, 9 for 9 = A, . . . , =8
}

where ,8, 9 is the set of candidate widths for layer 9 (Line 4).

It then iterates over all possible width combinations w
′
8 ∈

Wrem
8

, where each w
′
8 represents a candidate width vector

for the remaining layers. For a given candidate configuration

6
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w
′
8 = (F′8,A , . . . , F

′
8,=8
), we define the total execution cost as

�rem
8,A
(w′8) = F8

(
∑=8

D=A �8,D (F
′
8,D)

)

(Line 5).

The candidate is considered schedulable if it satisfies two

conditions: (i) its execution time does not exceed the remaining

time budget Δ8 , and (ii) it does not cause any other jobs to

miss their deadlines by a run-time schedulability test (Line 6).

We adopt a run-time schedulability test for NP-FP [23], and

apply it to our setting by substituting the WCET term with our

width-dependent intermittent-aware WCET by applying F8 (·).

With this substitution, the corresponding schedulability test

in our setting is given by Lemma 2. Among the schedulable

candidates for g8 , the algorithm selects the configuration that

yields the highest expected accuracy, based on a pre-computed

accuracy table obtained from offline profiling (Lines 7–8).

To check the condition (ii), we extend Lemmas 3 and 4

in [23], to a finer-grained layer level, developing Lemma 2 that

checks at each layer whether increasing g8’s width preserves

the schedulability of the other task g9 . For Lemma 2, we

need the following concepts and notations. A job is said to

be active at time C0 if it has been released no later than C0 and

has remaining execution at C0. Let � 9 (C0) ∈ {T,F} indicate

whether task g9 has an active job at time C0, and let A 9 (C0)

denote its earliest release time of g9 at or after C0, which also

serves as the absolute deadline of g9 if � 9 (C0) = T.

Lemma 2: Suppose we apply the run-time adaptation mech-

anism in Algorithm 2, to a task set g under a layer-wise width

configuration {w:}g: ∈g , which satisfies Lemma 1. The earliest

active job after C0 of task g9 ∉ g\{g8} under a layer-wise width

configuration w 9 does not miss its deadline, if the following

holds when g8’s A-th layer starts its execution at C0.

(Case 1) when � 9 (C0) = T,

�9 (� 9 (w 9 )) + �
rem
8,A (w

rem
8 ) +

∑

gℎ∈HP(g 9 )\{g8 }

|�ℎ (C0 )=T

�ℎ (�ℎ (wℎ))

+
∑

gℎ∈HP(g 9 )

|Aℎ (C0 )<A 9 (C0 )

⌈

A 9 (C0) − Aℎ (C0)

)ℎ

⌉

· �ℎ (�ℎ (wℎ)) ≤ A 9 (C0) − C0 (6)

(Case 2) when � 9 (C0) = F,

�9 (� 9 (w 9 )) + �
rem
8,A (w

rem
8 ) +

∑

gℎ∈HP(g 9 )\{g8 }

|�ℎ (C0 )=T

�ℎ (�ℎ (wℎ))

+
∑

gℎ∈HP(g 9 )

|Aℎ (C0 )<A 9 (C0 )+)9

⌈

A 9 (C0) + )9 − Aℎ (C0)

)ℎ

⌉

· �ℎ (�ℎ (wℎ))

≤ A 9 (C0) + )9 − C0 (7)

Proof: Theorem 1 proves that F9 (� 9 (w 9 )) and

Fℎ (�ℎ (wℎ)) upper-bound the execution time of g9 with w 9 and

gℎ with wℎ, respectively on an intermittent system. According

to Line 5 of Algorithm 2, �rem
8,A
(wrem

8
) = F8

(
∑=8

D=A �8,D (F
rem
8,D
)
)

calculates the WCET of layers A to =8 of g8 under a layer-wise

width configuration w
rem
8

. Lemmas 3 and 4 in [23], which is

a run-time schedulability test, are equivalent to this lemma

by replacing the WCET to applying the F (·) function in
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Fig. 5: Hardware setup
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Eq. (3). Thus, this lemma holds by Lemmas 3 and 4 in [23],

Theorem 1, and the calculation of �rem
8,A
(wrem

8
).

While Lemma 2 applies only to the earliest active job after

C0 of each task g9 ∉ g \ {g8}, it is shown in [23] that all

subsequent jobs of tasks g: ∈ g (including g8 itself) also

remain schedulable if all subsequent jobs of g: ∈ g execute

with the width configuration w: in the supposition of Lemma 2

(while the only exception is the job of g8 to be executed at C0
with w

rem
8

).

Run-time complexity. Algorithm 2 checks schedulability

for each remaining-layer width combination. This involves

evaluating Eqs. (6) or (7), each of which incurs a compu-

tational cost of $ (=2) per iteration, where = is the number

of DNN tasks. The number of width combinations " is

determined by the product of the number of candidate widths

for each remaining layer, formally given as " =
∏=8

D=A

�

�,8,D

�

� .

Therefore, the overall time complexity is $ (" · =2). In our

experiments, the number of configurable layers is limited to

three, and each layer has four width candidates, resulting in

only "=43=64 total combinations. Since each width combina-

tion only incurs $ (=2) computations, the total computational

overhead remains very low. In practice, the entire re-selection

procedure completes within a few milliseconds (to be detailed

in Section VI-B), which makes it practical even in real-time

intermittent systems.

VI. Evaluation

This section presents the implementation of LEAF and

compares its performance with existing approaches under both

real-world and simulated settings.

A. Implementation

Hardware setup (shown in Fig. 5). LEAF runs on an

MSP430FR5994 evaluation board (8 KB SRAM, 256 KB

FRAM, LEA accelerator) at up to 16 MHz, using its onboard

ADC to monitor voltage. An AM1805 RTC shares the system

capacitor to maintain time across power failures. Input data

is stored and retrieved from an external FRAM module. We

emulate solar energy harvesting using a 300W halogen lamp

and a TI BQ25570 module connected to 4.7mF capacitors. The

board is powered at 2.3V and turning on when the capacitor

voltage exceeds 3.25V and shutting down below 2.85V.

Model development. We design a LeNet-inspired DNN

[24] with four convolution layers and one fully connected layer

to enable fine-grained control via layer-wise width adjustment,

as summarized in Table I. The first layer width is fixed to

ensure minimal feature extraction, and the width of the final

7
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fully-connected layer is set to match that of the preceding layer

to fully utilize the extracted features. The model implemented

in PyTorch (v2.4.0) and int8-quantized via ONNX, reducing

size from 132 KB to 31 KB. The multi-exit model adds early

exits after the first and second convolution layers, increasing

size to 70 KB. Models are trained and evaluated on CIFAR-

10 [25]. We reserve 10% of the training data for validating

width configurations and use 90% for training. We set param-

eters in Eq. (1) as U = 0.5, W = 0.1 and TC4<? = 2.

Method implementation. We use FreeRTOS [26] as the un-

derlying real-time operating system to manage tasks and timing

services. On top of this, we implement a custom scheduler that

enforces non-preemptive, fixed-priority (NP-FP) scheduling,

using Rate Monotonic (RM) as the priority assignment policy.

Each task is assigned a static priority based on its period,

and the scheduler handles task release, deadline checking, and

layer-wise execution control accordingly. Accuracy for each

width configuration is obtained from validation set results and

used for runtime selection.

B. Case Study

Real-world setup. We evaluate our system on the

MSP430FR5994 under realistic intermittent energy conditions

using a solar energy harvester. We additionally verified the

system’s reliability under practical conditions by using an

artificial light source to emulate real-world environments. As

shown in Fig. 7, experiments are conducted with two to four

multi-DNN tasks, with periods [20 and 30], [20, 40 and 60],

and [30, 50, 70 and 90] in seconds. We execute 200 jobs per

configuration and measure the ratio of correctly completed

jobs, which meet their deadlines and produce a correct in-

ference result (the predicted label matches the ground truth

for classification). Results with deadline misses or memory

overflows are marked as “x” in the figure (called infeasible).

TABLE I: DNN architecture (layer-wise width-scalable)
Layer Type Output Channels Output Size

Input – 3 32 × 32
Conv1 Conv2D + ReLU 6 32 × 32
Conv2 Conv2D + ReLU ≤16 16 × 16
Conv3 Conv2D + ReLU ≤24 8 × 8
Conv4 Conv2D + ReLU ≤32 8 × 8
FC Fully Connected 10 1 × 1

TABLE II: WCETs and accuracy for width configurations
(F1, F2, F3, F4, F5 ) WCET (s) Accuracy (%)

(1.00, 0.25, 0.25, 0.25, 0.25) 3.37 62.2
(1.00, 0.25, 1.00, 1.00, 1.00) 8.45 64.6
(1.00, 0.50, 0.50, 0.50, 0.50) 5.31 66.0
(1.00, 0.75, 0.75, 0.75, 0.75) 8.71 70.1
(1.00, 1.00, 1.00, 1.00, 1.00) 12.04 72.4

Offline profiling. To obtain execution time for each DNN

task, we perform offline profiling on the MSP430FR5994

under continuous energy supply, where power is maintained

in a stable state without interruptions or power cycles. This

means, the profiled inference time excludes harvesting delays;

under intermittent power supply, the completion time for

inference is much longer as we explained in Section IV-B.

Regarding the profiled inference time, Layer 1 takes 1.96 s,

while the other layers vary: layer 2 from 0.65 s to 2.50 s, layer

3 ranges from 0.27 s to 2.25 s, layer 4 from 0.45 s to 4.89 s,

and layer 5 (fc layer) from 0.04 s to 0.17 s. We profile the

scheduling overhead, which remains low: under 10 ms for up

to three tasks and below 20 ms even with four concurrent tasks.

Table II presents WCET and accuracy for representa-

tive width configurations. In general, increasing the to-

tal width across layers tends to result in improved infer-

ence accuracy, which however does not always hold. Even

with increased execution time, a configuration may yield

lower accuracy; for instance, while (F1, F2, F3, F4, F5) =

(1.0, 0.25, 1.0, 1.0, 1.0) takes 8.45 s and yields 64.60% ac-

curacy, (1.0, 0.50, 0.50, 0.50, 0.50) requires only 5.31 s and

achieves 66.00% accuracy.

We obtain all time and energy parameters through of-

fline profiling under realistic intermittent conditions, including

power-cycle overhead and scheduler latency. The energy re-

quired to power on the device is �on = 4.97 mJ, and task-level

re-execution incurs a worst-case overhead of $max
8

= 80 ms,

which also includes scheduler latency. The minimum and max-

imum power rates are %min = 4.56 mW and %max
8

= 9.71 mW.

To parameterize the energy-aware time budget model, we

conservatively estimate two key bounds over 100 power cycles

using a real-time clock (RTC): the minimum uninterrupted

execution duration Emin
8 = 0.97 s, and the maximum harvesting

time �max = 1.09 s, which represents the longest time needed

to accumulate sufficient energy for a power-on cycle. As shown

in Fig. 6, these bounds define each cycle’s execution and

harvesting phases, forming the basis for the case study results

in Fig. 7 (as well as the simulation results for Section VI-C).

Approaches to be compared. We evaluate six system

configurations, all sharing the same scheduling policy (i.e.,

NP-FP) and offline schedulability analysis (i.e., Lemma 1), four

of which do not have any run-time adaptation mechanism.

• LEAF0.25, LEAF0.5, LEAF0.75 and LEAF1.0: static mod-

els without any run-time mechanism with fixed maximum

widths of 0.25, 0.5, 0.75 and 1.0, respectively.

Two approaches apply our runtime adaptation mechanism.

• LEAFadapt: our proposed model that adjusts the width of

each layer by the runtime mechanism in Algorithm 2 and

serves as the practical implementation of LEAF.

• ME: Multi-exit DNN model that supports multiple internal

exits for early termination [12] by the runtime mechanism

corresponding to Algorithm 2.

Real-world results. As shown in Fig. 7, LEAFadapt always

yields the highest accuracy for every case. In particular,

when executing two tasks, LEAF0.25 achieved 63.5% accu-

racy, while LEAFadapt achieved 68.5%. ME attained 66%
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accuracy with partial adaptability. For three and four tasks,

LEAFadapt respectively improved accuracy to 71.5% and

67.5%, compared to 63.5% for the static minimum-width

model, but ME failed to execute due to memory overflow

caused by the additional classifiers. On the MSP430FR5994,

after reserving memory for RTOS tasks, I/O buffers, code, and

other system components, approximately 150 KB of FRAM

remains available for storing model weights. Since ME requires

70 KB per DNN model due to its auxiliary exit classifiers,

it becomes infeasible to deploy more than two tasks within

the 256 KB memory limit, as shown in Fig. 8. These results

show LEAFadapt effectively leverages time budget to increase

accuracy and adapts robustly to dynamic energy conditions

without requiring additional memory space.

C. Simulation

Simulation setup. To explore a wider range of operating

conditions beyond several settings in our real-world experi-

ments, we conduct additional simulations under various energy

environments and task configurations. Specifically, experi-

ments were carried out with two to four multi-DNN tasks,

where the task periods were incremented in 10-second steps

to represent increasing computational workloads, as shown in

Fig. 9 (e.g., a pair of periods [20 and 30], ..., [50 and 60] in

seconds, for a set of two tasks). For each configuration, we

execute 3000 jobs. We follow/emulate the real-world settings,

where %max
8

is set to 9.71 mW, and three different instanta-

neous harvesting powers %actual based on %min = 4.56 mW: (i)

weak and strong fixed power where %actual is fixed to %min and

to the maximum observed harvesting rate %strong = 5.46 mW,

respectively, and (ii) dynamic power where %actual randomly

varies in [%min, %strong) as shown in Fig. 10. In particular,

dynamic power captures the variability typically observed in

practical energy-harvesting systems, and evaluates how well

LEAFadapt responds to unstable energy conditions.

Simulation results. The fixed-power simulation results

align with real-world observations, showing that LEAFadapt

consistently outperforms static-width models while maintain-

ing no deadline miss, even for a set of three or four tasks

where ME fails due to memory overflow. Note that for a set of

two tasks, there exist a few cases where ME achieves higher

accuracy than LEAFadapt. This occurs because LEAFadapt

selectively activates only the most informative channels, oc-

casionally omitting useful but non-critical features under tight

timing constraints. In contrast, ME processes all features up

to the selected exit point, achieving higher accuracy in some

cases despite its coarse-grained control and memory overhead.

LEAFadapt effectively leverages longer task periods (i.e.,

less workload) to allocate wider configurations and improve

accuracy. For instance, under the strong power setting, in

a two-task setting with [20 and 30] periods in seconds,

LEAF0.25 and LEAFadapt achieved 62% and 65% accuracy,

respectively. However, with [50 and 60] in seconds, the

accuracy of LEAF0.25 remains constant, while LEAFadapt

improves to 72.4% by dynamically increasing layer widths,

as static models are unable to take advantage of additional

runtime due to their fixed-width configurations. This limitation

can be further understood by examining the schedulability of

different fixed-width settings. LEAF0.25 is always schedulable

as it corresponds to the minimal configuration. LEAF0.5 and

LEAF0.75 are schedulable only in a subset of task sets, while

LEAF1.0 is schedulable in only one case due to its long

execution time exceeding most deadline constraints. We also

observe that LEAFadapt yields higher accuracy under the

strong power setting, effectively utilizing shorter power-off

phases and longer power-on phases to execute more layers.

Under dynamic power conditions, we observe similar trends.

VII. Conclusion

We propose LEAF for real-time multi-DNN inference under

intermittent energy conditions. LEAF enables layer-wise dy-

namic width reconfiguration during runtime, allows the system

to exploit energy and timing slack at a fine granularity, and

finally achieves both timing/energy guarantees and accuracy

maximization. We limit our generalization claims to channel-

width-scalable CNNs, where inference cost can be adjusted

via width control. Extending the framework to architectures

with different scaling dimensions is left for future work.
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