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Abstract

Resource constraints and hardware aging make long-term neural in-

ference on embedded and IoT devices increasingly challenging. We

present Neural Caching, a lightweight inference mechanism that ex-

ploits the piecewise-linear structure of Arti�cial Neural Networks

(ANNs) with piecewise linear activation functions to accelerate

evaluation without retraining or model compression. Our approach,

Neural Caching, associates each locally linear region of an ANN

with a cached a�ne mapping and reuses it for subsequent inputs

falling within the same or nearby activation region. This enables

full predictions to be computed via a single matrix multiplication

instead of potential multiple matrix multiplications. Experiments

on four human-activity recognition datasets demonstrate up to an

order-of-magnitude reduction in inference time while preserving

classi�cation performance metrics within ±0.1% of baseline ac-

curacy. By lowering computational load and power draw, neural

caching extends device lifetime and supports sustainable, long-term

deployment of machine-learning models in real-world IoT environ-

ments.

CCS Concepts

• Computer systems organization → Neural networks; • The-

ory of computation → Caching and paging algorithms.

Keywords

arti�cial neural networks, inference-time caching, hardware longevity,

time-series classi�cation

1 Introduction

The rapid proliferation of IoT devices has fundamentally changed

how we sense, collect, and act upon environmental data. Millions

of connected sensors now operate continuously in smart cities,

industrial monitoring, agriculture, and healthcare, often in resource-

constrained and physically exposed environments. A persistent

challenge in these systems is longevity: as hardware ages, sensors

and embedded processors experience gradual degradation—battery

capacities decline, compute throughput diminishes due to transistor

wear and thermal stress [Kraak et al. 2018; Zaidi et al. 2024], and

This work is licensed under a Creative Commons Attribution 4.0 International License.

replacement is often infeasible. Sustaining reliable and e�cient

machine-learning inference under such conditions remains an open

problem.

Neural networks have become a dominant approach for analyz-

ing complex sensor data, owing to their ability to capture nonlinear

dependencies and generalize across heterogeneous and noisy envi-

ronments. However, their deployment on IoT devices remains lim-

ited by computational and energy constraints: deep models require

substantial processing power and memory, accelerating battery de-

pletion and reducing device lifespan. Common model-compression

techniques—such as pruning, quantization, and knowledge distilla-

tion—help mitigate these costs, yet they often require retraining and

may introduce slight losses in predictive accuracy. Moreover, most

of these approaches assume static hardware performance and do

not adapt to gradual degradation or varying operating conditions

over time.

Recent theoretical work has shown that neural networks with

piecewise-linear activation functions (such as Recti�ed Linear Unit

(ReLU) or hard tanh) partition their input space into exponentially

many linear regions [Montúfar et al. 2014]. Within each region, the

network behaves as a single a�ne transformation. This structure

opens the door to alternative forms of acceleration that exploit

redundancy in repeated inference: if multiple inputs fall into the

same linear region, their outputs can be computed by a cached

linear mapping instead of full forward propagation.

In this work, we build upon this insight and propose an inference-

time caching mechanism tailored for IoT time-series models. While

caching has been explored in convolutional and vision networks—e.g.,

through feature reuse across video frames or linear-region enumera-

tion for small Multilayer Perceptrons (MLPs) [Joyce and Verschelde

2024, 2025]—it has not, to our knowledge, been applied to contin-

uous time-series data on embedded IoT platforms. Our method

exploits the local linearity of ReLU networks to cache region-wise

a�ne transformations encountered during normal operation. Sub-

sequent inferences that fall into known regions are executed by

lightweight matrix multiplications, yielding substantial compute

and energy savings.

This approach directly addresses the longevity issue of IoT de-

vices. As compute resources degrade and batteries age, the algo-

rithm maintains acceptable latency through increasing cache hit

rates, e�ectively compensating for lost performance. In addition, by

reducing active computation and the number of recharge cycles, it
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extends sensor lifetime and supports sustainable, long-term opera-

tion without sacri�cing model capacity. Larger, more generalizable

models—previously impractical on constrained hardware—can thus

be deployed e�ciently using our region-based caching scheme.

Our main contributions are as follows:

• We formulate a region-based caching algorithm for piecewise-

linear neural networks and adapt it for time-series inference

on embedded IoT devices.

• We demonstrate that caching a�ne mappings across lin-

ear regions yields consistent inference-time speedups as

hardware performance degrades.

• We show that our approach preserves model accuracy while

signi�cantly reducing used computation power, thereby

prolonging device longevity.

The remainder of this paper is organized as follows. Section 2

reviews related work on neural network acceleration and caching.

Section 3 outlines the theoretical background of ReLU linear re-

gions. Section 4 introduces the proposed Hierarchical Hypersphere

Caching algorithm, followed by experiments and results in Section 5.

Section 6 shows the limitations of our work. Section 7 concludes

the paper and discusses future research directions.

2 Related Work

Neural-network acceleration without retraining has been explored

from several complementary directions, including (i) exploiting

piecewise-linear structure, (ii) inference-time caching, (iii) condi-

tional computation, and (iv) lookup-table acceleration.

Piecewise-Linear and Region-Based Methods. ReLU networks par-

tition input space into linear regions, each de�ning an a�ne map-

ping. Early locally weighted learning approaches such as locally

weighted regression and locallyweighted projection regression [Atke-

son et al. 1997] approximated nonlinear functions through local

linear models, e�ectively forming a piecewise-linear surface but

requiring large memory and neighbor search—impractical for em-

bedded devices. Mixture-of-Experts (MoE) networks [Shazeer et al.

2017] achieve conditional computation by activating only a subset

of sub-networks per input, but increase model size and training

complexity. Joyce and Verschelde [Joyce and Verschelde 2025] for-

mally characterized how each activation pattern in a ReLU network

corresponds to a unique a�ne mapping, providing the theoreti-

cal basis for region caching. Their work was primarily analytical

and demonstrated on small multilayer perceptrons. Building on

this principle, we extend the concept to time-series inference on

IoT hardware, where activation patterns recur naturally. Unlike

prior theoretical studies, we address limited cache memory, hard-

ware degradation, and continuous deployment, thereby enabling

longevity without retraining.

Inference-Time Caching and Feature Reuse. Balasubramanian et

al. [Balasubramanian et al. 2021] introduced GATI, which learns

to predict layer outputs from cached representations, achieving

up to 7.7× latency reduction in cloud settings. However, as it re-

lies on auxiliary models and continuous retraining, it is unsuitable

for low-power IoT nodes. In contrast, our cache stores numeri-

cally exact a�ne mappings from previous activations, requiring

no additional learning. Feature reuse has also been explored in

vision. DeepCache [Xu et al. 2018] caches convolutional feature

maps across similar video frames, achieving ∼18% speedup and

20% energy savings on mobile devices. These approaches exploit

spatial or temporal locality but depend on heuristic frame matching.

Our region-level cache instead operates on the network’s intrinsic

linear structure and guarantees exact reuse for repeated activation

patterns.

Conditional Computation. Early-exit networks and MoE mod-

els achieve conditional computation by activating only part of the

network—either exiting early or selecting a subset of experts per

input—trading slight accuracy loss for speed [Addad et al. 2023;

Bolukbasi et al. 2017; Shazeer et al. 2017; Teerapittayanon et al.

2016]. While e�ective, both require architectural changes or re-

training. In contrast, our approach performs exact computation

reuse within an unmodi�ed pre-trained model and can complement

such dynamic-inference methods.

Lookup-Table Accelerators. Lookup-table (LUT) methods replace

arithmetic with indexed lookups. MADDNESS [Blalock and Guttag

2021] precomputes subspace dot products to approximate matrix

multiplications, reducing compute at the cost of minor accuracy loss.

LUT-NA [Sen et al. 2024] performs exact digital inference via low-

precision LUT operations, achieving up to 3.3× lower energy and

29× smaller area without retraining. These hardware optimizations

complement our method: LUTs accelerate every operation, while

caching avoids redundant ones. Both align with inference-time,

model-agnostic e�ciency gains.

Overall, prior work accelerates inference through data locality,

architectural sparsity, or hardware substitution. Our method specif-

ically applies linear-region caching to time-series neural inference

on IoT devices—reusing exact a�ne mappings across repeated acti-

vation patterns to reduce compute and energy consumption under

hardware aging, thereby extending device longevity without re-

training or model modi�cation.

3 Background

This section introduces the notation and theoretical concepts un-

derlying ReLU-based feedforward neural networks used in this

work.

Network structure. We consider a neural network 5\ : Ω → R
�

with trainable parameters \ . The domain Ω ⊂ R
� denotes the

input space of dimension � , and the output R� corresponds to the

unnormalized class logits. Each hidden layer ; ∈ {1, . . . , !} consists

of 3; neurons, parameterized by a weight matrix, (; ) ∈ R
3;×3;−1

and bias vector b(; ) ∈ R
3; . Given an input x ∈ Ω, the forward pass

proceeds recursively as

p(; ) =, (; )q(;−1) + b(; ) , q(; ) = f
(
p(; )

)
, (1)

where q(0) := x denotes the input layer. The �nal layer is linear:

5\ (x) =, (!+1)q(!) + b(!+1) . (2)

The resulting vector 5\ (x) contains one logit per class, typically

transformed by a softmax function for probabilistic classi�cation.
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Input Layer

Hidden Neuron Output

Output Layer Output of Grid SamplingHidden Layers

Layer 1 Neuron Boundaries

Layer 2 Neuron Boundaries

Layer 3 Neuron Boundaries

Decision BoundaryInput domain: 
[-1, 1]2

Red: Positive, : Negative, 
White: Zero

Blue

Figure 1: Linear regions in a ReLU MLP trained on a synthetic signed distance dataset of a circle. Dashed lines denote distinct

a�ne regions of the ReLU network. Red indicates positive, blue negative values and white zero.

Piecewise linearity. The ReLU activation [Nair and Hinton 2010]

is de�ned as

f (G) = max(0, G), (3)

and is linear on each side of its non-di�erentiable point at zero.

Because every layer in Eqs. (1)–(2) is an a�ne map followed by

a ReLU, their composition is also a�ne on local subsets of the

input space. Thus, any feedforward ReLU network (in this case

5\ ) represents a continuous piecewise-linear function [Arora et al.

2018; Hanin and Rolnick 2019]. Each neuron de�nes a hyperplane

{x ∈ R
� | p

(; )
8

(x) = 0}, (4)

that partitions the space into two half-spaces where the neuron is

active (p > 0) or inactive (p ≤ 0). The pattern of active neurons

determines a region of linearity, within which the network behaves

as a single a�ne mapping [Poole et al. 2016; Raghu et al. 2017].

Partitioning into linear regions. The intersection of all neuron

hyperplanes across layers subdivides Ω into convex polytopes or

linear regions [Hanin and Rolnick 2019; Montúfar et al. 2014]. Each

region corresponds to a unique binary activation pattern across

neurons, and the network is a�ne inside that region:

5̃ (x) = ,̃ x + b̃. (5)

Here, ,̃ and b̃ are obtained by collapsing all active submatrices of

, (; ) and corresponding biases through the network hierarchy. The

a�ne form in Eq. (5) remains valid within the region C and changes

only when the input crosses a neuron boundary, activating or deac-

tivating a unit. Figure 1 shows the regions for a two-dimensional

example trained on a synthetic dataset representing a signed dis-

tance function of a circle. The input domain is sampled on a grid;

each circle represents the output of the neuron after applying ReLU.

Dashed lines indicate the neuron boundaries (zero-level set) that

separate the piecewise linear parts.

Geometrically, each hidden neuron introduces a half-space con-

straint, and deeper layers iteratively re�ne the subdivision of Ω.

The number of regions grows combinatorially with depth: a deeper

ReLU network can carve exponentially more regions than a shal-

low one with a similar parameter count [Poole et al. 2016; Raghu

et al. 2017]. Montúfar et al. [Montúfar et al. 2014] established lower

bounds on this growth, showing that an !-layer network with =

neurons per layer can realize on the order of Ω((=/=0)
(!−1)=0==0 )

distinct regions, where =0 is input dimension. Telgarsky [Telgarsky

2016] further demonstrated that depth yields exponentially more

expressive power: there exist functions representable by a depth-

Θ(:3) network that cannot be approximated by any network of

depth O(:) unless it has exponentially many neurons. These �nd-

ings formalize the intuition that deeper networks can form more

complex decision boundaries through hierarchical region compo-

sition. For classi�cation, transitions between classes occur at the

boundaries where two logits are equal, forming a piecewise-linear

approximation of the underlying decision manifold [Hanin and

Rolnick 2019].

4 Hierarchical Hypersphere Caching

The piecewise-linear structure of ReLU networks partitions the

input space into a collection of linear regions where the network

behaves as an a�ne function [Arora et al. 2018; Hanin and Rol-

nick 2019; Montúfar et al. 2014]. This enables reusing previously

computed linearizations for any new input that falls into a region

encountered before [Joyce and Verschelde 2025]. Each time a ReLU

MLP is evaluated at a point x0, the pattern of active and inactive neu-

rons de�nes a local linear cell (a convex polytope) within which the

network acts as a single a�ne mapping 5̃ (x) = ,̃ x + b̃. Although a

deep network can, in theory, partition its domain into an exponen-

tial number of such regions [Montúfar et al. 2014], empirical studies

show that real ReLU networks realize far fewer distinct activation

patterns [Hanin and Rolnick 2019]. This redundancy suggests that

large portions of the input space share the same a�ne transfor-

mation, creating opportunities for computational reuse. Joyce and

Verschelde [Joyce and Verschelde 2025] formalized this insight by

showing that each unique ReLU activation pattern corresponds to

a distinct a�ne mapping that can be memoized for faster inference.

Hypersphere caching. Our proposed Hypersphere Cache asso-

ciates each cached linearization with the largest inscribed hyper-

sphere centered at x0 that remains fully inside the corresponding

linear region. Its radius is determined by the minimum Euclidean

distance to any neuron activation boundary. Geometrically, this

sphere de�nes the maximal region around x0 in which all ReLU

activations remain constant. Hence, if a future query point x lies

within an existing sphere, the stored a�ne mapping is reused di-

rectly (a cache hit); otherwise, a new linearization is computed and
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stored (a cache miss), analogous to region-based caching [Joyce and

Verschelde 2025] and feature reuse approaches such as GATI [Bala-

subramanian et al. 2021] or LUT-based inference methods [Blalock

and Guttag 2021; Sen et al. 2024].

Cache representation. The cache maintains tuples of the form

(x0, A ,,�nal, b�nal), where x0 ∈ R
� is the hypersphere center, A ∈

R
+ its radius, and,�nal ∈ R

�×� , b�nal ∈ R
� de�ne the a�ne

mapping. Each entry satis�es 5\ (x) =,�nalx+b�nal for all xwithin

the hypersphere. When a new query arrives, the cache searches for

a containing sphere and either reuses the stored linearization or

computes a new one.

Hierarchical lookup strategy. To achieve fast lookup times, we use

a hierarchical three-stage search exploiting temporal and spatial

locality:

(1) Last-hit check (O(1)): The previously used entry last_idx

is checked �rst, as consecutive inputs often lie in the same

region. If ∥x − x0∥2 < A , the cached linearization is reused

immediately.

(2) Recent insertions (O(:)): Newly added spheres not yet

in the spatial index are searched next, enabling immediate

reusability.

(3) Spatial index (O(log=)): Older cached entries are orga-

nized in a ball tree using Euclidean distance. The depth of

this tree grows logarithmically. Given the maximum stored

radius Amax, the index retrieves all hyperspheres with cen-

ters within Amax of x. Only a small subset of candidates are

then distance-checked for containment.

This hierarchical structure combines constant-time reuse in com-

mon cases with logarithmic-time spatial search in the general case,

yielding fast average query performance even as the cache grows.

Cache updates and rebuilds. On a cache miss, the network per-

forms a full forward pass to compute a new linearization at x. The

valid radius is determined as A = min;,8 |A;,8 |, ensuring conservative

containment within the linear region. The new entry is appended

to the cache and integrated into the ball tree once the number of

pending insertions exceeds a threshold, amortizing the $ (= log=)

cost of index maintenance.

Illustration. Fig. 2 visualizes a two-dimensional example. Cyan,

orange, and magenta lines denote neuron boundaries from three

hidden layers, subdividing the input into convex linear cells. Dotted

circles indicate cached hyperspheres. Orange circles mark new

linearizations (cache misses), while blue squares indicate reuse

events (cache hits). Larger hyperspheres appear in stable regions

far from activation boundaries, while smaller spheres cluster near

decision boundaries where neuron states change frequently. This

behavior mirrors results from activation pattern analyses [Hanin

and Rolnick 2019; Raghu et al. 2017] and illustrates how the cache

adapts to local model smoothness.

5 Evaluation & Results

5.1 Datasets

We evaluate our method on four publicly available human activity

recognition (HAR) datasets:WISDM,MHEALTH, PAMAP2, and UCI-

HAR. A summary of their key characteristics is shown in Table 1.

1.00 0.75 0.50 0.25 0.00 0.25 0.50 0.75 1.00
x

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

y
Cache miss
Cache hit
Cache region boundary

Layer 1 boundary
Layer 2 boundary
Layer 3 boundary

Figure 2: Caching visualization of a model with 2 input neu-

rons.

WISDM. The WISDM dataset [Kwapisz et al. 2011] contains

smartphone and smartwatch motion-sensor recordings (accelerom-

eter and gyroscope) from 51 subjects performing everyday activities.

We use the raw smartphone accelerometer signals sampled at 20Hz

and focus on non-hand-oriented activities (walking, jogging, climb-

ing stairs, and standing). Sensor data are segmented using 2.5 s

sliding windows (50 readings per window) with 50% overlap. For

each axis, �ve statistical features (mean, standard deviation, min-

imum, maximum, median) are extracted to form 15-dimensional

feature vectors.

MHEALTH. The MHEALTH dataset [Baños et al. 2014] includes

bodymotion and vital sign recordings from ten volunteers equipped

with three sensors (chest, right wrist, left ankle), each providing

23 readings at 50Hz. We consider six activities (standing, sitting,

walking, climbing stairs, jogging, and running). Windows of 2 s

(100 readings) with 50 % overlap are used, and features are extracted

analogously to WISDM.

Table 1: Summary of datasets used for evaluation.

Dataset Input Features Activities Samples

WISDM 15 5 53,475

MHEALTH 115 7 4,290

PAMAP2 124 6 24,600

UCI HAR 561 6 10,299
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PAMAP2. The Physical Activity Monitoring (PAMAP2) dataset

contains recordings from nine subjects wearing three inertial mea-

surement units (IMUs) and a heart-rate monitor [Reiss and Stricker

2012]. The IMUs sample at 100Hz and the heart-rate sensor at

9Hz. We focus on lying, sitting, standing, walking, and ascend-

ing/descending stairs. Feature extraction follows the same proce-

dure using 1 s windows (100 readings) with 50 % overlap.

UCI-HAR. The UCI-HAR dataset [Anguita et al. 2013] comprises

accelerometer and gyroscope signals from 30 volunteers performing

six activities (walking, walking upstairs/downstairs, sitting, stand-

ing, and lying). The smartphone-mounted sensors sample at 50Hz.

Preprocessed windows of 2.56 s (128 readings) with 50% overlap

are provided, each represented by 561 pre-extracted features.

Train–test splits. For UCI-HAR, the prede�ned subject split is

used. The remaining datasets are partitioned by subject: approxi-

mately 20% of subjects are held out for testing, while the others

form the training set. Features are extracted per subject, and test

data preserve temporal continuity within each subject—crucial for

evaluating our caching algorithm under realistic, continuous tra-

jectories.

5.2 Models

We employ MLP architectures with ReLU activations for IoT time-

series classi�cation. The choice of ReLU is intentional: as a piecewise-

linear activation, it partitions the input space into exponentially

many linear regions [Raghu et al. 2017], which directly enables our

region-based caching optimization.

All models use ReLU activations in the hidden layers and a linear

output layer that produces logits for softmax-based multi-class

activity classi�cation. The input dimensionality corresponds to

the feature size of each dataset: WISDM (15), MHEALTH (115),

PAMAP2 (124), and UCI-HAR (561).

Training Con�guration. Models are trained using the Adam op-

timizer [Kingma and Ba 2017], for 100 epochs, a learning rate of

0.001, batch size 64, and cross-entropy loss. The model with the

lowest validation loss is saved.

Hyperparameter Optimization. A grid search varying network

width (8–512 hidden units) and depth (1–5 layers) identi�es optimal

architectures for each dataset. Figure 3 shows validation accuracy

as a function of hidden-layer width, averaged across depths.

The best con�gurations are: WISDM (256 units), MHEALTH (64

units), PAMAP2 (256 units), and UCI_HAR (128 units). Datasets

requiring fewer layers compensate with wider hidden dimensions.

Figure 4 presents validation accuracy versus network depth,

averaged over all widths.

The selected architectures are: WISDM (3 layers), MHEALTH (4

layers), PAMAP2 (1 layer), and UCI_HAR (1 layer). Simpler datasets

achieve peak accuracy with shallow networks, whereas WISDM

and MHEALTH bene�t from deeper architectures capturing more

complex feature interactions.

5.3 Caching

We evaluate the proposed hypersphere caching mechanism across

four HAR datasets. The cache exploits the local linearity of ReLU

0 50 100 150 200 250
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Figure 3: Accuracy vs. hidden dimension width, averaged

across depths.
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Figure 4: Accuracy vs. number of hidden layers, averaged

across widths.

networks by storing a�ne approximations valid within hyperspher-

ical regions around previously seen inputs, as de�ned in Section 4.

Evaluation is performed in an online inference setting over contin-

uous test sequences, where each incoming sample either reuses a

cached linearization or triggers a new one.

Cache construction and quantile-based radius selection. For each

cached point, we compute the distance to the nearest neuron deci-

sion boundary at each layer, as de�ned in Section 4, i.e., the mini-

mum Euclidean distance to any activation boundary derived from

the layer’s linearization at that point. These distances de�ne the

maximum radius within which the linearization remains exact. We

store these radii and sort them to create a distribution, from which

we select cache radii based on quantiles (10th to 40th percentile).

This quantile-based selection allows us to trade o� between cache

hit rate and approximation quality.

Cache hit rates across datasets. Figure 5 shows the cache hit rate

as a function of the selected radius quantile. WISDM exhibits the

highest cache utilization, with hit rates increasing from 34% at the

10th percentile to 55% at the 40th percentile.

This indicates that over half of incoming samples fall within pre-

viously cached regions when using larger radii. MHEALTH and
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Figure 5: Cache hit rate vs. radius quantile. Higher quantiles

correspond to larger hypersphere radii, increasing the likeli-

hood of cache reuse.

PAMAP2 show moderate cache e�ectiveness, with hit rates climb-

ing from 27% and 15% respectively at the smallest radii to approxi-

mately 35% and 33% at the largest. Notably, UCI-HAR shows negli-

gible cache reuse across all quantiles, suggesting its input patterns

do not revisit similar regions during inference. The cache hit rate

correlates strongly with the input dimensions. Table 1 shows that

WISDM uses 15 input dimensions, whereas UCI HAR has 561 input

dimensions.

Preservation of model accuracy. Expanding the cache radius to

enable limited extrapolative reuse does not degrade classi�cation

accuracy. Figure 6 shows that accuracy remains e�ectively constant

across all quantiles:
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Figure 6: Classi�cation accuracy vs. radius quantile. Accuracy

remains stable across all quantile selections, indicating no

degradation from extrapolative reuse.

UCI-HAR 95 %, MHEALTH 88 %, PAMAP2 78 %, and WISDM 76

%, all within ±0.1 percentage points. This stability con�rms that

cached a�ne approximations remain valid even slightly beyond

their theoretical region boundaries.

Computational savings. Figure 7 quanti�es the FLOP reduction

achieved through caching, comparing the computational cost of

using cached linear models versus full forward passes.

Reduction patterns mirror hit rates: WISDM achieves 34-55% fewer

FLOPs, while MHEALTH and PAMAP2 show moderate savings
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Figure 7: FLOP reduction vs. radius quantile. Values represent

computational savings from using cached linear approxima-

tions instead of full forward passes.

around 25-35% at higher quantiles. These measurements represent

the theoretical speedup from replacing full forward passes with sin-

gle matrix-vector multiplications, excluding cache lookup overhead

and linearization costs. Optimizing these auxiliary operations re-

mains future work, but the results demonstrate substantial potential

for computational savings in embedded deployments.

Implications for embedded deployment. These results con�rm that

ReLU networks processing temporal sensor data repeatedly activate

a limited set of linear regions, enabling e�cient caching. The hyper-

sphere cache yields up to 55 % theoretical computational reduction

with no accuracy loss, underscoring its suitability for resource-

constrained IoT devices requiring long-term, energy-e�cient infer-

ence.

6 Threats to Validity

While our experiments demonstrate the potential energy savings

of using caching to reduce FLOPs on microcontrollers without

hardware FPUs, there are several threats to the validity of our

results:

• Limited practical validation: Our FLOP reduction esti-

mations only give a rough estimate for compute and energy

savings. More practical experiments are needed, where the

neural network models and caching mechanism are de-

ployed on real hardware, and energy consumption is mea-

sured for users performing activities similar to those in the

datasets. Such measurements would provide more accurate

and reliable validation of the energy savings.

• Feature dimensionality and model scaling: Our cur-

rent approach relies on a relatively small number of input

features derived from sensor windows. Scaling to higher-

dimensional input spaces or more complex features may

increase the number of FLOPs, potentially o�setting the

energy savings from caching. Additionally, large input di-

mensions could require larger neural networks or more

hidden layers to maintain accuracy, which may further

impact energy consumption. The cache size is also depen-

dent on the dimensions; the additional RAM needed for

high-dimensional inputs could force one to �ush the cache
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more often, leading to a higher number of cache misses and

further amplifying the problem.

• Cache e�ectiveness: The bene�ts of caching depend on

temporal redundancy in the sensor data and the chosen

radius quantile, both impacting the cache hit rate. Di�er-

ent activity patterns or datasets may reduce redundancy,

diminishing the energy savings.

Addressing these threats in future work will strengthen the

validity of our conclusions and provide a more accurate assessment

of the trade-o�s involved in reducing �oating-point operations for

embedded neural network inference.

7 Conclusion

This work introduced Neural Caching, a region-based inference

mechanism that leverages the piecewise-linear structure of ReLU

networks to accelerate neural inference on resource-constrained IoT

devices. By caching a�ne mappings corresponding to previously

activated ReLU regions, the proposed Hypersphere Cache enables

subsequent queries to be resolved through a single matrix multi-

plication instead of a full forward pass. We demonstrated that this

approach yields a consistent reduction in necessary �oating-point

operations, given low input dimensionality, while maintaining clas-

si�cation �delity across multiple HAR datasets.

Unlike compression or quantization methods, our technique op-

erates entirely at inference time, requiring no retraining or architec-

tural modi�cations. The empirical results con�rm that ReLU-MLPs

revisit a limited subset of activation patterns during continuous

sensing, enabling e�cient reuse without accuracy degradation.

Moreover, because caching reduces the number of active opera-

tions and memory accesses, it directly contributes to lower energy

consumption and thus extends hardware longevity—an essential

goal for long-lived IoT deployments.

Future work includes integrating the cache into mixed-precision

and hardware-accelerated inference pipelines, exploring adaptive

cache replacement strategies under dynamic workloads, and extend-

ing the approach to convolutional and transformer architectures.

By coupling neural caching with emerging low-power accelera-

tors, sustainable and high-performance AI inference on embedded

systems becomes increasingly feasible, advancing the vision of

autonomous and energy-aware IoT intelligence.
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