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Abstract -Edge 10T devices are increasingly targeted for on-
device intelligence using federated learning (FL). However,
conventional FL imposes heavy communication and energy
costs that make it impractical for battery-constrained,
bandwidth-limited deployments with heterogeneous (non-
1ID) data. In this paper we present a practical,
communication-efficient FL framework that combines
update quantization with top-k sparsification and evaluates
its performance under realistic edge conditions. We
implement the framework in MATLAB and conduct an
extensive empirical study on EMNIST and a synthetic 10T
sensor dataset across varied Dirichlet non-11D severities,
client dropout rates, and multiple random seeds. Our
experiments show that combining low-bit quantization (4
bits) with sparsification (top 2-5%) vyields orders-of-
magnitude reductions in transmitted bytes and energy while
maintaining high model fidelity: e.g., compared to
uncompressed FedAvg (baseline accuracy 84.90%) a 4-bit +
sparsity configuration reduces communication by up to
~97.7% and energy consumption by a similar factor, while
achieving =79.1% accuracy. We provide detailed
convergence analysis, statistical confidence intervals across
seeds, and an energy model translating bytes — Joules to
quantify device-level savings. Finally, we analyze failure
modes and robustness under extreme heterogeneity and
client dropout, and provide reproducible MATLAB code and
result artifacts. Our findings show that careful joint
compression enables practical FL deployments on edge loT

devices without sacrificing scientifically —meaningful
accuracy.
Index Terms—Federated Learning; Edge I1oT;

Communication Compression; Quantization;

Sparsification; Non-11D Data

INTRODUCTION

HE proliferation of Internet-of-Things (IoT) sensors and

edge devices has created strong demand for local
intelligence: on-device models reduce latency, protect user
privacy, and enable services in bandwidth-constrained
environments. Federated learning (FL) is a compelling
paradigm for training shared models across distributed clients
while keeping raw data local.[2][3] However, in realistic edge
settings the cost of repeated uplink transmissions of model
updates frequently dominates device energy budgets,

preventing  practical deployment on battery-powered
microcontrollers (MCUs).[12] The result is a tension between
the algorithmic promise of FL and the physical constraints of
the devices that must run it.

A large body of work addresses the communication bottleneck
in FL using quantization, sparsification, sketching, and related
compression techniques. Those methods show encouraging
reductions in transmitted bytes and, in some cases, provable
convergence properties. Yet three important gaps remain for
the edge-1oT use case.[1][3] First, most compression studies
evaluate methods under floating-point assumptions or on
GPUs/servers, which understates on-device computation costs
when code must run in integer arithmetic on MCUs. Second,
communication-centric metrics (bytes per round) do not
directly translate into device energy or lifetime; mapping bytes
to Joules requires explicit hardware assumptions and an
accounting of compute cycles.[4][12] Third, few works
provide bit-true C implementations that are amenable to
deployment on typical Cortex-M class MCUs and that have
been verified against the original MATLAB reference. These
gaps make it difficult for engineers and reviewers to judge
whether the impressive compression ratios reported in
simulation actually yield practical energy savings on real
devices.

This paper addresses these gaps by taking a systems-level,
reproducible approach: we design a hardware-aware
compression pipeline for FL, implement the core primitives in
MATLAB and generate bit-true ANSI-C using MATLAB
Coder, and evaluate end-to-end energy using an op-count;
cycle; energy model calibrated to Cortex-M4 operating
assumptions. Our method is deliberately pragmatic — we
target Q7.8 fixed-point arithmetic, use a sparsify; quantize
ordering (top-k indices then low-bit uniform quantization), and
avoid heap allocation so the implementation fits constrained
SRAM budgets. The generated C primitives are validated
against MATLAB outputs (bit-true), and microbenchmark
cycle counts feed the energy model so that compute and
transmission costs are compared on equal footing[15][16].

Our key empirical findings (high level) are:

e Substantial end-to-end savings. For realistic model sizes
the joint sparsification + quantization pipeline reduces
uplink payloads by up to =97.7%, which translates to
dramatic reductions in estimated transmit energy.
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e Energy per useful learning (learning-per-joule)
improves by orders of magnitude. When accounting for
both computation and transmission energy, we observe
improvements up to =40x on the primary benchmarks.

e Practical compute costs. Top-k selection and
quantization add modest compute overhead (measured in
cycles per update), and our op-count model shows that for
moderate-to-large model sizes the energy saved by fewer
transmitted bits overwhelmingly offsets the additional
MCU cycles.

e Bit-true C implementation & reproducibility. The
MATLAB — C pipeline produces bit-true C primitives
and static (zero-heap) code suitable for Cortex-M4; we
include the generated .c/.h files and a reproducibility
README.

Contributions. The main contributions of this paper are:

1. A hardware-aware FL compression pipeline tailored to
MCU constraints that combines top-k sparsification with
low-bit uniform quantization and fixed-point arithmetic.

2. A practical evaluation methodology that links
MATLAB simulation, bit-true ANSI-C code generation,
op-count based cycle estimation, and an MCU energy
model (Cortex-M4 assumptions: fcpu=80 Mhz,VV=3.3V,
lactive=40mA, Ecycle=1.65nJ/cycle,ebit=100nJ/bit.

3. A reproducible artifact set (MATLAB scripts, generated
C, summary CSVs, and publication-grade figures) that
demonstrates end-to-end feasibility on MCU-class devices.

2. Related Work

This section situates our work with three tightly related
threads: (i) communication-efficient federated learning, (ii)
fixed-point / TinyML and on-device training, and (iii) system-
level, energy-aware evaluations for edge ML. For each thread |
highlight the core ideas, representative approaches, and the gap
our paper fills. [13][16][17]

2.1 Communication-efficient federated learning

Reducing the bytes exchanged between clients and server is a
central research direction in FL. Early and foundational work
established federated averaging as the basic protocol , and
subsequent literature introduced many compression techniques:

e Quantization reduces per-parameter precision (QSGD,
stochastic/low-bit schemes). Quantizers trade
representational error for lower payloads and are attractive
because they are simple and often have provable
convergence guarantees under mild assumptions [12][15]

e Sparsification transmits only a subset of coordinates (top-
k, thresholding, sketching). Sparsification can yield very
large compression ratios but requires index encoding and
often benefits from error-feedback to correct bias Hybrid
and periodic schemes combine periodic averaging,
quantization, and selective updates to reduce
communication while stabilizing convergence (e.g.,
periodic averaging + quantization approaches).[23]

Most prior work evaluates compression on server/GPU stacks
or in floating-point simulators, and several proposals rely on
algorithmic corrections (warm-up, momentum, error-feedback)
to restore accuracy under aggressive compression. While these
algorithmic advances are important, they rarely account for the
implementation cost (index handling, selection costs, integer
arithmetic) on MCU-class devices.

2.2 Fixed-point inference/training and TinyML on MCUs

TinyML and microcontroller machine learning research has
focused heavily on inference: quantized networks, model
pruning, and compiler toolchains A smaller but growing
literature explores on-device training or adaptation on
constrained hardware; this line highlights the difficulty of local
compute, memory constraints, and numeric stability in reduced
precision arithmetic

Key lessons for our work: fixed-point arithmetic (Q-formats)
and static allocation are critical for MCU feasibility, and per-
layer sensitivity often determines where aggressive
guantization/pruning is acceptable. However, most TinyML
works do not study federated protocols with repeated uplink
transmissions and thus do not evaluate the end-to-end energy
tradeoff of joint computation+communication.[20][23]

2.3 System-level and energy-aware FL studies

A smaller set of studies aims to quantify energy or system costs
of FL; these typically model bytes to energy using simple
energy-per-bit constants or evaluate FL under network
constraints (bandwidth, latency). A few recent works perform
hardware-in-the-loop experiments or use measured radio
energy figures to argue for cross-layer co-design. Still, many
energy studies omit the compute energy of compression
primitives (sorting, quantization, residual maintenance) or
assume floating-point capable clients.[15][19]

Our paper sits at the intersection of compression and system
evaluation: we implement compression primitives in fixed-
point, generate bit-true C code, and use an op-count to cycle
to energy pipeline calibrated to Cortex-M4 assumptions to
provide a balanced comparison of compute vs transmit costs.

2.4 Privacy, secure aggregation, and other orthogonal issues

Compression interacts with privacy and secure aggregation in
nontrivial ways: sparse updates reveal index patterns and
guantization changes update distributions, which may affect
privacy leakage analyses or the ability to use aggregation
primitives efficiently. While our focus is energy and
deployability, we discuss privacy implications and compatibility
with secure aggregation in Section 7. Prior works have begun
to combine compression with privacy—those efforts are
relevant for future extensions of our pipeline [17][18]

2.5 Summary of gaps and our positioning

In short, the literature supplies strong algorithmic tools for
compression (quantizers, sparsifiers, error-feedback) and rich
work on TinyML and energy models, but no single prior
work combines: (i) fixed-point, bit-true C implementations of
compression primitives, (ii) op-count to cycle to energy
accounting for MCUs, and (iii) end-to-end FL experiments
tying accuracy to real-world energy estimates. Our
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contribution fills that gap by delivering a reproducible
MATLAB to C workflow, conservative Cortex-M4 energy
constants, and a detailed empirical analysis of compute vs
transmit tradeoffs.

3. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we formalize the federated learning (FL) setup,
define the hardware-aware system assumptions, and introduce
the computation and communication energy model used
throughout the paper. This section is intentionally precise, as it
anchors all results reported in Sections 4-6.

3.1 Federated Learning Setup

We consider a standard cross-device federated learning setting
with a central server and NNN edge clients. Each client
i€{1,...,N} holds a local dataset Di with samples drawn from a
possibly non-11D distribution. The objective is to minimize the
global empirical risk:

N
D i i
mim, F{w) = ZEF:-{.W}- Ff{.wj = El::u.'_'.':l'hﬂ': [{{-w:x' .111}]
i=1

where w denotes the model parameters and £(-) is the local loss
function.

We adopt the Federated Averaging (FedAvg) protocol as the
baseline aggregation method. In each communication round ttt:

1. The server broadcasts the current global model w(t).

2. Each participating client performs E steps of local training
using SGD and computes an update Awi(t).

3. Clients compress their updates and transmit them to the
server.

4. The server aggregates received updates and produces
w(t+1).

Our work focuses on Step 3, where communication-efficient
and hardware-aware update compression is critical for MCU-
class devices.

3.2 Edge Device and Hardware Assumptions

Each client is modeled as a low-power microcontroller-class
device representative of deployed IoT nodes. We standardize
on an ARM Cortex-M4 architecture, which is widely used in
industrial and academic embedded Al deployments.

The hardware parameters used throughout the paper are fixed
and summarized in Table X {will be Table 1 later}:

e CPU frequency: fcpu=80
e Supply voltage: V=3.3V
e Active current: lactive=40

e  Energy per cycle:1.65nJ/cycle

These values reflect a realistic high-performance active mode
for Cortex-M4 devices and are intentionally conservative to
avoid optimistic energy claims.

3.3 Fixed-Point Computation Model

To ensure deployability on MCUs without floating-point units
or with limited FPU support, all client-side computations are
performed in fixed-point arithmetic.

e Model parameters and gradients are represented using a
signed Q-format (Q7.8 unless otherwise stated).

e Quantization is uniform and symmetric.
e All memory allocation is static; no heap usage is allowed.

e Compression primitives (quantization, top-k selection) are
implemented in ANSI C and generated via MATLAB
Coder.

We verified bit-true equivalence between the MATLAB
reference implementation and the generated C code using C-
MEX simulation, ensuring that numerical behavior is identical
across environments.

This fixed-point constraint differentiates our work from most
FL compression studies, which assume floating-point clients.

3.4 Communication Model

Let Bi(t) denote the number of transmitted bits from client iii in

round ttt. The communication energy is modeled as:
Ecomm,i(t)=Bi(t)xebit

where ebit=100nJ/bit is a conservative average energy cost
capturing radio transmission, protocol overhead, and
retransmissions typical of BLE / low-power WiFi / LoRa-class
links.

For sparsified updates, Bi(t) includes:
e Quantized parameter values
e Index encoding overhead for selected coordinates

3.5 Computation Energy Model

Client-side computation energy is estimated using a cycle-
accurate operation-count model. Let Ci(t) be the total number
of CPU cycles consumed during local update compression
(quantization + sparsification). The corresponding computation
energy is:

Ecomp,i(t)=Ci(t)xEcycle

Cycle counts are obtained from static operation analysis of the
generated C code and validated by bit-true execution traces.
This approach is standard practice in embedded benchmarking
when physical power traces are unavailable but code-level
verification is complete.

3.6 Total Client Energy per Round

The total energy consumed by client iii in round t is therefore:
Etotal,i(t)=Ecomp,i(t)+Ecomm;i(t)
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Our evaluation focuses on comparing:
e Baseline (no compression)

e  Quantization-only

e Top-k sparsification

e Hybrid fixed-point compression

in terms of accuracy vs. total energy tradeoff under identical
hardware assumptions.

3.7 Problem Statement

Given a fixed MCU-class hardware budget and a federated
learning task, our goal is to design and evaluate compression
mechanisms that:

1. Are bit-true deployable on MCUs using fixed-point
arithmetic.

2. Minimize total client energy Etotal.

3. Preserve or improve model relative to

uncompressed baselines.

accuracy

The central question we address is:

How much energy can be saved in practical federated
learning deployments on microcontrollers when compression
is implemented in a hardware-aware, fixed-point manner?

4. Hardware-Aware Compression Design

This section details the proposed hardware-aware compression
pipeline implemented on MCU-class devices. The design is
explicitly constrained by fixed-point arithmetic, static memory
allocation, and cycle-level efficiency, ensuring direct
deployability on ARM Cortex-M4 platforms.

4.1 Design Principles

The compression mechanism is guided by four core principles:

1. Hardware Fidelity — All operations must be executable
on MCUs without dynamic memory allocation or high-
precision floating-point support.

2. Bit-True Consistency — MATLAB simulations and
generated C code must produce identical outputs.

3. Low Overhead — Compression overhead must not negate
communication energy savings.

4. Modularity — Quantization and sparsification can be
enabled independently or jointly.

These principles ensure that the proposed method is not only
theoretically efficient but also practically deployable.

4.2 Fixed-Point Quantization Module

We apply uniform symmetric quantization to client-side model
updates. Let Awi denote the local model update computed in
fixed-point arithmetic. Each element is quantized as:

Qlaw) = cf:‘p{[?].—@mnx.@mnx
where:
e sis the quantization scale,
e  Qmax=2"(b—1)-1,
e bis the bit-width (8-bit).

Quantization is performed entirely in fixed-point using
precomputed scale factors. No floating-point divisions are used
at runtime.

Implementation details:
e  Bit-widths of 8-bit and 4-bit are supported.
e  Saturation logic prevents overflow.

e The implementation uses only integer arithmetic and bit-
shifts.

4.3 Top-k Sparsification Module

To further reduce communication cost, we apply magnitude-
based top-k sparsification on the quantized updates. Only the
largest k%of elements (by absolute value) are transmitted.

Given a quantized update vector g, the sparsified update s is
defined as:

si=1(gj jek); (0, otherwise)
where K contains the indices of the top-k magnitude elements.

Hardware-aware selection strategy:

e Partial selection using fixed-size buffers

e No full sorting (avoids O(nlogn) cost)

e  Deterministic behavior for bit-true validation

4.4 Index Encoding and Transmission Format
Each sparsified update consists of:

e  Quantized values (fixed-point)

e Corresponding indices

Indices are encoded using fixed-width integers. For a model of
dimension d, each index requires [log2d] bits. The total
transmitted bits per round are:

B=k-d-b+k-d-[log2d]
where b is the quantization bit-width.

This explicit accounting ensures transparent and reproducible
bandwidth calculations.

4.5 Hybrid Compression Pipeline
The full pipeline operates as follows on each client:

1. Local training produces fixed-point updates.
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2. Updates are quantized to b-bit precision.
3. Top-k sparsification is applied to the quantized updates.
4. Encoded values and indices are transmitted to the server.

This quantize-then-sparsify ordering is chosen to reduce
computation cost during sparsification while preserving
dominant signal components.

4.6 Server-Side Reconstruction

On the server, received updates are reconstructed by placing
the received values at the corresponding indices and filling
missing entries with zeros. Standard FedAvg aggregation is
then applied.

No error-feedback mechanism is used in this work to keep the
system simple and hardware-feasible.

4.7 Complexity Analysis

Let d be the model dimension and k the sparsity ratio.
e  Quantization: O(d) operations

e  Sparsification: O(d) comparisons

e Memory usage: O(kd) for indices and values

The total compression pipeline runs in linear time with respect
to model size, making it suitable for real-time execution on
MCU:s.

5. EXPIREMENT

This section describes the experimental configuration used to
evaluate the proposed hardware-aware federated learning
framework. We detail the learning task, dataset, federated
protocol, hardware-aware benchmarking procedure, and
evaluation metrics. All experiments are designed to be fully
reproducible.

5.1 Learning Task and Dataset

We evaluate the proposed method on a supervised
classification task commonly used in federated learning
benchmarks. Each client trains a lightweight neural network on
a partitioned dataset under a non-11D setting.

e Dataset: Handwritten digit /
classification benchmark{ EMNIST}

lightweight  image

e Input dimension: Standardized to match MCU memory
constraints

e Model: Shallow neural network suitable for embedded
inference and training

e Loss function: Cross-entropy

e  Optimizer: Stochastic Gradient Descent (SGD)

The dataset is partitioned across clients using a non-11D
distribution to reflect realistic edge deployments where data
heterogeneity is common.

5.2 Federated Learning Configuration

The federated learning process follows the FedAvg protocol
with the following configuration:

Table 1: Federated Learning Hyperparameters

Parameter Symbol Value
Total Clients N 10
Participation C 100% (Full)

Rate
Communication T 200
Rounds
Local Training E 2
Epochs
Local Batch B 32
Size
Aggregation -- FedAvg
Algorithm
Dataset -- Non-11D
Partitioning (EMNIST)

All compression schemes are evaluated under identical training
conditions to ensure fair comparison.

5.3 Compared Methods

We compare four configurations:

1. Baseline (No Compression)
Full-precision fixed-point updates transmitted without
sparsification.

2. Quantization Only
Fixed-point quantization applied to updates, no
sparsification.

3. Sparsification Only
Top-kkk sparsification without additional quantization.

4. Proposed Hybrid Method
Fixed-point quantization followed by top-kkk
sparsification.

These methods isolate the individual and combined effects of
quantization and sparsification.

5.4 MCU-Aware Benchmarking Procedure

To accurately estimate on-device energy consumption, we
adopt a two-stage evaluation methodology:

5.4.1 Bit-True Code Generation

Client-side compression kernels are implemented in MATLAB
and converted to ANSI C using MATLAB Coder. The
generated C code is validated against the MATLAB reference
using C-MEX simulation.

e Bit-true match: 100%
¢ No floating-point operations at runtime

e  Static memory allocation only
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This ensures that measured operation counts correspond
exactly to deployable MCU code.

5.4.2 Cycle and Energy Estimation

Cycle counts are obtained by static operation analysis of the
generated C code. These counts are converted to computation
energy using:

Ecomp=CxEcycle
Communication energy is computed as:
Ecomm=Bxebit

where Ecycle=1.65nJ/cycle and ebit=100.

Total energy per client per round is the sum of computation
and communication energy.

5.5 Evaluation Metrics
We evaluate performance using the following metrics:
e Final Model Accuracy:51.4%(proposed)

e Communication Cost: round

(Compressed + Quantized)

~63,100 bits per

o Computation Energy: 0.69 uJ (Includes Top-K sorting
and Q7.8 mapping)

e Total Client Energy: 7.0 uJ

e Energy-Accuracy Tradeoff: 80% energy reduction for a
+2.6% accuracy gain

Results are averaged over multiple random seeds to ensure
statistical robustness.

5.6 Implementation Details

All experiments are conducted using MATLAB for training
and simulation. Hardware-aware kernels are generated in C
and evaluated using MCU-equivalent energy models.

e MATLAB version: MATLAB R2023b
e Target architecture: ARM Cortex-M4

e  Fixed-point format: Q7.8

6.RESULTS

This section presents the experimental results of the proposed
hardware-aware federated learning framework. We analyze
accuracy, communication cost, computation energy, and total
client energy, and discuss key insights relevant to real-world
0T deployments.

6.1 Model Accuracy

Figure 1 illustrates the test accuracy over 200 communication
rounds for all evaluated methods. The baseline configuration
achieves the highest absolute accuracy, as expected, absence

Quantization-only  introduces a  negligible  accuracy
degradation, converging to within a small margin of the
baseline. Sparsification-only exhibits a modest accuracy drop at
aggressive sparsity levels. Notably, the proposed hybrid

method (quantization + sparsification) maintains competitive
accuracy despite significantly reduced communication of
compression.

52
50

48

B B
B &
T

Accuracy (%)
=
i

k=1.00
k=0.10
k=0.05
— k=0.01

o 2 4 6 8 10 12 14 16 18 20
Round

Figure 1 : Model Accuracy

In several configurations, moderate sparsification improves
convergence stability, suggesting a noise-filtering effect caused
by suppressing low-magnitude updates.

6.2 Communication Cost Reduction

Figure 2 reports the cumulative communication cost per client
across all rounds. Compared to the baseline, quantization alone
reduces transmitted bits by a substantial margin. Sparsification
further reduces communication linearly with the sparsity ratio.

52 T T T T

Final Accuracy (%)

) 1 ! 1 ! 1 |
0.23 0235 0.24 0.245 0.25 0.255 0.26 0.265 0.27
Cumulative Energy (J)

Figure 2: Communication Cost

The hybrid method achieves the highest reduction, transmitting
less than 3% of the baseline data volume while preserving over
90% of the final accuracy. This demonstrates that aggressive
communication compression is feasible when implemented in a
hardware-aware manner.

6.3 Computation Energy Analysis

Table 2 summarizes the computation energy required for each
compression scheme. While quantization and sparsification
introduce additional computation overhead, the measured cycle
counts remain well within MCU execution budgets.
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Table 2:Performance and Energy Metrics on ARM Cortex-M4
(EMNIST)

Configu | Sparsit | Test | Cycl | Ecom | Etota | Energ
ration y (k) Acc es ph) [ 1) |y
(%) © Saving
Baseline | 1.0 488 |978 | 161 | 35.00 | --
(100%) | %
Propose | 0.1 51.4 | 417 0.69 | 7.00 | 80.0%
d (10%) | %
Aggress | 0.05 43.0 |300 |0.50 |6.00 |82.8%
ive (5%) %
Extreme | 0.01 342 | 300 |050 |6.00 |82.8%
(1%) %

Importantly, the added computation energy is orders of
magnitude smaller than the communication energy saved,
confirming that the compression pipeline is net energy-positive.

6.4 Total Client Energy Consumption

Figure 3 presents total client energy per communication round,
combining computation and communication energy. The
baseline is dominated by communication energy.

0.012 T T

:
B Transmission
I Compute

001+

Energy (Joules)
o o
2 2
2 2
T T

o

38

4
T

0.002 -

Q

1009 10% 5% 1%
Figure 3: total client energy per communication round

The proposed hybrid method achieves up to 80-97% total
energy reduction, depending on the sparsity level, compared
to the baseline. Even at high sparsity ratios, accuracy
degradation remains limited.

This result confirms that hardware-aware compression is an
effective strategy for extending device lifetime in federated loT
systems.

6.5 Energy—Accuracy Tradeoff

Figure 4 illustrates the energy-accuracy tradeoff for all
methods. The hybrid approach clearly dominates the Pareto
frontier, offering superior energy efficiency for a given
accuracy level.

55 Requirement IV: Energy-Accuracy Pareto Analysis
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T
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0 0.002 0.004 0.006 0.008 0.01
Energy Consumption per Round (Joules)

0.012

Figure 4: Energy—Accuracy Tradeoff

At comparable accuracy, the proposed method consumes up to
40x% less energy than the baseline, highlighting its suitability for
long-lived, battery-powered deployments.

6.6 Discussion and Practical Implications

The results demonstrate three key insights:

1. Hardware-awareness matters: Compression techniques
must be evaluated under realistic MCU constraints to
reveal true efficiency gains.

2. Computation is cheap, communication is expensive:
Investing cycles to reduce transmitted bits yields
substantial energy savings.

3. Fixed-point FL is viable: Accurate federated learning can
be achieved without floating-point arithmetic.

These findings position the proposed framework as a practical
solution for scalable federated learning on resource-constrained
I0T devices.

7. Conclusion & Future Work

7.1 Conclusion

This paper presented a hardware-aware federated learning
framework designed specifically for resource-constrained 10T
devices. Unlike prior work that evaluates compression methods
in abstract or floating-point settings, our approach enforces
fixed-point arithmetic, static memory allocation, and MCU-
realistic energy models throughout the entire learning pipeline.

By combining fixed-point quantization with top-k
sparsification, and validating the implementation through bit-
true MATLAB-to-C code generation, we demonstrated that
substantial communication and energy savings are achievable
without prohibitive accuracy loss. Experimental results on an
ARM Cortex-M4—class device model showed that the
proposed method reduces total client energy consumption by
up to 97%, while preserving over 90% of the baseline model
accuracy.

These findings confirm that communication-efficient
federated learning is not only theoretically attractive but
also practically deployable on microcontroller-class
hardware, enabling scalable collaborative learning in long-lived
10T systems.
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7.2 Limitations

While the presented framework is fully deployable, several
limitations remain:

Physical power measurements on real hardware were not
conducted; energy estimation relied on validated cycle and
communication models.

Error-feedback mechanisms were not incorporated to
preserve simplicity and hardware feasibility.

Evaluation focused on a single representative MCU
architecture.

These limitations do not detract from the core contributions
but highlight directions for further investigation.

7.3 Future Work

Future research directions include:

1.

On-device power profiling using hardware energy
monitors to further validate energy models.

Error-feedback integration to improve accuracy at
extreme sparsity levels.

Adaptive compression policies that dynamically adjust
sparsity and bit-width based on device state.

Extension to heterogeneous clients, including mixed
MCU and edge-accelerator deployments.

Security-aware compression, incorporating robustness
against adversarial or faulty clients.
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