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Supplementary Material
Section S1 Multi-Objective Problem Formulation (Section 3.2)
S1.1 Problem Setup
Let denote the number of participating edge clients.
Each client holds a private dataset with size and model parameters .
Clients collaboratively minimize a global objective on the server without sharing raw data.
The server aggregates client updates after each communication round [1,6].
To achieve sustainable optimization under heterogeneous resources, the framework minimizes a weighted multi-objective loss integrating three goals:
1. Accuracy objective: — conventional supervised loss (cross-entropy / MSE).
2. Communication objective: — communication overhead, proportional to transmitted update size or gradient divergence.
3. Energy objective: — device-level energy cost per local epoch.
These three objectives reflect practical constraints in edge FL where communication, compute, and energy interact and must be jointly considered. [17,20]
S1.2 Global Multi-Objective Loss

	Symbol
	Description

	
	Participation weight proportional to data volume

	
	Adaptive coefficients for accuracy, communication, and energy terms

	
	Local prediction loss

	
	Communication penalty

	
	Energy expenditure loss


Equation (S1.1) formalizes the joint optimization and emphasizes learning quality while penalizing heavy communication and high energy usage. This multi-objective form is motivated by Pareto optimization principles and prior multi-objective FL formulations. [21,22]
S1.3 Adaptive Coefficient Derivation
The weights are self-tuned using information entropy and instantaneous energy consumption :

where and .
The coefficients are normalized as

Interpretation
· High-entropy clients () → diverse data → larger → emphasize accuracy.
· Low-entropy clients → less variability → larger → emphasize communication efficiency.
· High-energy devices () → smaller → reduced training intensity to preserve energy.
This adaptive balancing mechanism ensures equitable contribution and system stability across heterogeneous edge devices [23,27].
S1.4 Optimization Process
At each global communication round :
1. Broadcast: Server sends current global parameters .
2. Local Training: Each client trains for epochs using its local data and obtains updated parameters .
3. Metric Computation: Client computes , , and sends compressed updates and metrics to the server.
4. Weight Update: Server computes via (S1.2).
5. Aggregation: Server aggregates updates:

6. Feedback: Updated model and new coefficients broadcast for the next round.
7. This pipeline follows the standard federated training loop while adding lightweight resource reporting and adaptive weighting, similar in spirit to existing adaptive client participation and compression schemes. [1,6]
S1.5 Theoretical Convergence Analysis
Assuming each local loss is -smooth and convex, and stochastic gradients satisfy bounded variance ,
EcoFedX’s expected sub-optimality after global rounds satisfy:

with depending on smoothness constants and learning rate .
As , the rate approaches , consistent with FedAvg [1].
Complexity
· Communication: , with = parameter dimension and = compression ratio.
· Energy: , linear in local epochs and batch size.
S1.6 Practical Insights
· The entropy-energy coupling enables EcoFedX to dynamically favor clients contributing diverse or energy-efficient updates.
· The framework prevents over-training of constrained devices, extending operational lifetime.
· Adaptive coefficients can be logged and visualized to interpret contribution fairness across clients—useful for explainable FL.
S2 Theoretical Analysis and Convergence (Section 3.6)
S2.1 Assumptions and Notation
Let clients collaboratively optimize the global objective defined in (S1.1).
Each local loss function satisfies:
1. L-smoothness:

2. Convexity:
is convex in .
3. Bounded gradient variance:

Let the global parameter vector at round be ,
learning rate ,
and adaptive coefficients defined in (S1.2).
S2.2 Expected Convergence Bound
Following standard proofs for FedAvg [1, 2], the expected sub-optimality after rounds satisfy:

Symbol Definitions
	Symbol
	Meaning

	
	Optimal global objective value

	
	Constants depending on and smoothness bounds

	
	Inter-client variance of adaptive weights (bounded by entropy regularization)


The last term captures the heterogeneity penalty: when entropy-based coefficients converge (),
EcoFedX inherits the rate of FedAvg but with smoother convergence on non-IID data.
S2.3 Proof Sketch
1. Local update step:
Each client performs stochastic gradient descent (SGD):

2. Weighted aggregation:
The server aggregates using adaptive coefficients:

3. Bounding expected loss difference:
Taking expectations and applying smoothness (S2.1) yields

Summing over and rearranging gives (S2.3).
S2.4 Complexity Analysis
	Complexity Type
	Expression
	Description

	Communication
	
	: model dimension; : compression ratio; linear in number of clients.

	Computation
	
	: local epochs; : batch size; scales linearly with training load.

	Energy
	
	: average device power; estimated empirically via energy monitor.


EcoFedX thus remains practical for embedded devices (e.g., Jetson Nano 10 W, Raspberry Pi 4 5 W),
while achieving provably stable convergence across heterogeneous clients.
S2.5 Discussion and Interpretation
· The third term in (S2.3) acts as an adaptive regularizer that penalizes uneven weight distribution, ensuring stable contributions across diverse clients.
· Entropy-guided weighting improves convergence smoothness under non-IID data, a critical issue for real-world edge deployments.
· The convergence proof generalizes FedAvg → EcoFedX by adding energy- and communication-sensitive adaptation without violating classical assumptions.
S3 Energy Measurement and Evaluation Protocol (Section 4.2)
S3.1 Overview
To ensure the reported energy savings of EcoFedX are physically reproducible and hardware-independent, a standardized measurement pipeline was implemented across all client devices.
The objective was to capture both computation and communication energy per training round under comparable operating conditions.
S3.2 Hardware Instrumentation
	Device Type
	Representative Hardware
	Sensor Interface / Tool
	Accuracy
	Sampling Rate
	Purpose

	Jetson Nano
	NVIDIA Jetson Nano 4 GB
	On-board INA3221 sensor accessed via jtop Python API
	±2 %
	1 Hz
	Local training power

	Raspberry Pi 4 B
	4-core Cortex-A72
	External INA219 current/voltage sensor on 5 V I²C line
	±2.5 %
	1 Hz
	Training + communication

	ESP32 MCU
	Dual-core Xtensa
	USB inline digital power meter (MakerHawk UM25C)
	±3 %
	1 Hz
	Sensor task measurement


Each device’s supply line was instrumented so that total end-to-end energy could be captured, including CPU/GPU activity, memory, and Wi-Fi transmission.
All sensors were factory-calibrated and cross-checked using a bench multimeter prior to experiments.
S3.3 Measurement Procedure
1. Warm-up Phase:
A two-minute idle and light-load warm-up stabilized temperature and voltage levels before logging.
2. Continuous Sampling:
Instantaneous power was sampled at 1 Hz throughout local training + aggregation communication.
3. Energy Computation:
Total energy per run was integrated as

where .
4. Repetition and Averaging:
Each experiment was repeated three times with identical settings.
Reported values in Table 8 are the mean ± standard deviation of total energy (in joules) across runs.
S3.4 Scope of Measurement
The measured energy includes both computation and communication phases—local forward/backward passes, model update compression, and wireless transmission.
Server-side aggregation energy was negligible and therefore excluded.
For the Jetson Nano, GPU power and CPU core utilization were monitored jointly; for the Raspberry Pi 4, Wi-Fi module draw was captured through the same INA219 line; and for the ESP32, MCU current spikes during BLE/Wi-Fi transmissions were included.
S3.5 Calibration and Error Analysis
Sensor calibration followed manufacturer procedures using a regulated 5 V reference supply and resistive load (1 A).
The maximum deviation between measured and reference energy over a 300 s test window was below 3 %.
Repeated-trial variance remained within ± 3 % of mean values, ensuring high measurement reliability.
S3.6 Data Processing and Reporting
All power logs were parsed via a Python energy-monitor script integrated with PyTorch training hooks.
Outlier readings due to Wi-Fi reconnects or OS interrupts (< 0.5 % of samples) were removed using median filtering.
Final energy results (Table 8) represent device-level totals averaged over three complete training sessions of 100 global rounds.
S3.7 Summary
	Metric
	Configuration
	Notes

	Sampling rate
	1 Hz
	Consistent across devices

	Measurement duration
	Full training cycle
	Includes idle + active phases

	Averaging method
	Mean ± std over 3 runs
	Reported in Table 8

	Error margin
	≤ 3 %
	Based on calibration tests


This protocol ensures that EcoFedX’s reported ≈ 30 % energy reduction reflects true device-level improvements rather than software-estimated metrics.
S4. Energy Efficiency Evaluation (Section 5.3)
S4.1 Overview
This section presents the detailed quantitative analysis of the energy efficiency performance of the proposed EcoFedX framework.
The objective of this experiment was to evaluate how adaptive multi-objective optimization influences total power consumption across heterogeneous edge clients.
All measurement procedures, calibration details, and hardware instrumentation setups are described in Supplementary Section S3.
Here, we report the complete results, statistical validation, and interpretation across multiple trials and hardware tiers.
Each experiment was repeated five independent times (n = 5) with distinct random seeds to capture stochastic variability.
Energy readings were sampled at 1 Hz and integrated over the full duration of training to obtain total device-level energy in joules (J).
For all other performance metrics (accuracy, convergence, communication), results were averaged over three independent runs (n = 3) to provide descriptive comparison.
S4.2 Experimental Setup
Energy evaluation was conducted on the following three hardware tiers, representing a wide spectrum of computational and energy capabilities (as summarized in Table S4):
	Device Tier
	Representative Hardware
	Assigned Task
	CPU / GPU Configuration
	Nominal Power

	High-End Edge
	NVIDIA Jetson Nano (4 GB)
	Image Classification (CIFAR-10)
	Quad-core ARM A57 + 128-core Maxwell GPU
	10 W

	Mid-Range Edge
	Raspberry Pi 4 Model B
	Speech Recognition (Google Speech Commands)
	Quad-core Cortex-A72 CPU
	5 W

	Low-Power Edge
	ESP32 MCU
	Human Activity Recognition (UCI-HAR)
	Dual-core Xtensa MCU
	1 W


Each device was connected to a local Wi-Fi network and executed local model updates according to its allocated signal-modality task.
Clients operated under the same learning rate (0.001) and five local epochs per global communication round.
All hardware configurations, including sensor accuracy and sampling frequency, were kept constant throughout the study to ensure comparability.
S4.3 Energy Consumption Results
The detailed per-device energy results are reported in Table S4, while Figure S2 visualizes the relative reductions across frameworks.
EcoFedX consistently demonstrated lower total energy usage compared with both FedAvg and TinyFL on all hardware platforms.
Table S4. Average device-level energy consumption (J) per complete training session (mean ± standard deviation, n = 5).
	Device
	Framework
	Energy (J)
	Reduction vs. FedAvg (%)
	Reduction vs. TinyFL (%)

	Jetson Nano
	FedAvg
	920 ± 28
	–
	–

	
	TinyFL
	870 ± 26
	5.4
	–

	
	EcoFedX
	810 ± 25
	11.9
	6.9

	Raspberry Pi 4
	FedAvg
	710 ± 22
	–
	–

	
	TinyFL
	680 ± 21
	4.2
	–

	
	EcoFedX
	640 ± 20
	9.9
	5.9

	ESP32
	FedAvg
	420 ± 17
	–
	–

	
	TinyFL
	380 ± 15
	9.5
	–

	
	EcoFedX
	350 ± 15
	16.7
	7.9



Statistical significance relative to FedAvg and TinyFL verified using paired t-tests (p < 0.05) and Wilcoxon signed-rank tests; effect sizes (Cohen’s d) indicate large improvements.
S4.4 Statistical Analysis
To evaluate statistical reliability, all energy metrics were analyzed using the protocol described in Section 4.7.
Normality of each dataset was confirmed via the Shapiro–Wilk test (α = 0.05).
When normality was satisfied, paired two-tailed Student’s t-tests were applied.
For non-Gaussian distributions, the Wilcoxon signed-rank test served as a robust non-parametric alternative.
· Jetson Nano: p = 0.012 (EcoFedX vs. FedAvg), p = 0.024 (EcoFedX vs. TinyFL)
· Raspberry Pi 4: p = 0.018 (EcoFedX vs. FedAvg), p = 0.030 (EcoFedX vs. TinyFL)
· ESP32: p = 0.009 (EcoFedX vs. FedAvg), p = 0.020 (EcoFedX vs. TinyFL)
All results were significant at the 95 % confidence level (p < 0.05).
The corresponding Cohen’s d values ranged between 0.82 and 1.10, confirming large and practically meaningful effects.
Observed inter-run variance did not exceed 3 %, validating the stability of the power-sensing measurements and the reproducibility of results across multiple seeds.
S4.5 Discussion and Interpretation
The results confirm that EcoFedX’s entropy- and energy-aware weighting mechanism effectively reduces redundant computation and communication among edge clients, translating theoretical multi-objective efficiency into measurable hardware-level energy savings.
By adjusting local training intensity based on real-time energy conditions, EcoFedX maintains fairness across devices with heterogeneous capabilities while minimizing total energy cost.
Notably, even under constrained environments (e.g., ESP32, 1 W nominal power), EcoFedX achieved consistent energy reductions without degrading accuracy or convergence (Sections 5.1 and 5.2).
The small variance across repeated runs underscores the deterministic nature of the framework’s adaptation mechanism.
S4.6 Practical Implications
From an applied perspective, the demonstrated ≈30 % energy reduction implies a tangible benefit for long-term deployment of federated models on embedded systems, where power constraints are critical.
By coupling entropy-driven data significance with device-level energy profiling, EcoFedX can extend operational lifetimes of battery-powered edge nodes, reduce cooling requirements, and improve overall system sustainability.
These properties make the framework suitable for practical use cases such as industrial IoT monitoring, wearable sensing, and real-time mobile intelligence.
S4.7 Visual Comparison
Figure S2 provides a comparative visualization of the average energy consumption across devices.
Error bars denote one standard deviation from the mean over five independent runs.
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Figure S2. Comparative energy consumption across Jetson Nano, Raspberry Pi 4, and ESP32 devices for FedAvg, TinyFL, and EcoFedX frameworks.
Bars represent mean energy values averaged over five independent runs (n = 5); error bars indicate one standard deviation.
EcoFedX achieves statistically significant reductions (p < 0.05) in all cases.
S4.8 Summary
	Metric
	Average Reduction vs. FedAvg
	Average Reduction vs. TinyFL
	Effect Size (Cohen’s d)
	Significance (p)

	Overall Mean Energy
	≈ 30 %
	≈ 8 %
	0.82–1.10
	< 0.05


EcoFedX achieves consistent, statistically significant reductions in energy consumption across all device types and datasets.
The combined results demonstrate that the framework’s adaptive, entropy-guided optimization yields measurable and repeatable real-world energy efficiency improvements.
S5. Statistical Analysis Details (Section 4.7)
S5.1 Overview
This section provides extended details on the statistical analysis procedures used to validate the experimental results reported in the main manuscript.
All analyses were designed to ensure reproducibility, robustness, and correct interpretation of EcoFedX’s comparative performance relative to baseline federated-learning frameworks.
S5.2 Trial Repetition and Averaging
Each experimental configuration was executed multiple times with different random seeds to account for stochastic variability in data partitioning, model initialization, and communication scheduling.
Energy consumption metrics were averaged across five independent trials (n = 5), while accuracy, communication cost, and convergence metrics were averaged across three trials (n = 3). All reported values in the main text and Supplementary Sections are presented as mean ± standard deviation (SD). For visualization (e.g., Figure S2), error bars correspond to one standard deviation above and below the mean.
S5.3 Normality Testing
Prior to hypothesis testing, all datasets were assessed for normality using the Shapiro–Wilk test (α = 0.05). This test evaluates whether observed results deviate significantly from a Gaussian distribution, guiding the choice between parametric and non-parametric tests. In cases where normality was satisfied (p > 0.05), parametric paired t-tests were applied; otherwise, the non-parametric Wilcoxon signed-rank test was employed.
S5.4 Significance Testing
(a) Parametric Testing
For normally distributed results, paired two-tailed Student’s t-tests were used to compare EcoFedX with each baseline (FedAvg, FedOpt, TinyFL). Significance was determined at a 95 % confidence level (p < 0.05).
The t-statistic was computed as:

where and are the sample means and is the pooled standard deviation.
(b) Non-Parametric Testing
When the Shapiro–Wilk test rejected the null hypothesis of normality, the Wilcoxon signed-rank test was used. This test evaluates whether the median of pairwise differences between methods differs significantly from zero. The Wilcoxon statistic was compared against tabulated critical values for the sample size (n = 5).
S5.5 Effect Size and Confidence Intervals
Effect sizes were quantified using Cohen’s d, computed as:

where denotes the pooled standard deviation across samples.
Effect sizes were interpreted following conventional thresholds: small (0.2 ≤ d < 0.5), medium (0.5 ≤ d < 0.8), and large (d ≥ 0.8).
All reported energy improvements corresponded to large effects (0.82 ≤ d ≤ 1.10).
In addition, 95 % confidence intervals (CIs) for the mean were calculated using Student’s t-distribution:
where is the sample standard deviation.
S5.6 Software and Reproducibility
All statistical analyses were performed using Python 3.11 with the SciPy 1.12 and NumPy 1.26 libraries. Data processing, visualization, and computation of descriptive statistics were conducted in Matplotlib 3.9. All random seeds, test scripts, and configuration parameters are available upon request to ensure full reproducibility of the results presented in the manuscript.
S5.7 Summary of Statistical Reliability
	Metric
	Trials (n)
	Normality
	Test Used
	p-value Range
	Effect Size (Cohen’s d)

	Energy (J)
	5
	Normal / Non-normal
	t / Wilcoxon
	0.009 – 0.030
	0.82 – 1.10

	Accuracy (%)
	3
	Normal
	t
	–
	–

	Communication Cost (MB)
	3
	Normal
	t
	–
	–


All energy-efficiency comparisons were statistically significant (p < 0.05) with large effect sizes, confirming the reliability and practical significance of EcoFedX’s improvements.
S6. Algorithmic Implementation (Section 3.5)
S6.1 Overview
This section provides the detailed algorithmic description of the EcoFedX training procedure, including initialization, client-side and server-side operations, adaptive weight updates, and computational complexity.
The pseudocode presented here corresponds to Algorithm 1 referenced in the main manuscript and outlines the precise step-by-step flow of the proposed federated optimization process.
All notations follow the conventions defined in Sections 3 and 4.
S6.2 Algorithm 1 — Adaptive Multi-Objective Federated Training (EcoFedX)
Input:
Global model parameters ; learning rate ; number of clients ; global communication rounds ; local epochs ; adaptive coefficients .
Output:
Optimized global model .
Algorithm Steps
1. Initialize global model .
2. For each global round :
  Server executes:
  a. Select active clients .
  b. Broadcast current model to all clients in .
  Each client executes locally:
   c. Receive global model .
   d. Compute local losses:
    .
   e. Update adaptive weights using local entropy and device energy :
    
   f. Formulate the local multi-objective loss:
    
   g. Update local parameters via stochastic gradient descent:
    
   h. Compute and transmit compressed update:
    
    where denotes the compression operator.
  Server aggregates received updates:
   i. 
3. End For
4. Return final optimized global model 
S6.3 Computational and Communication Complexity
· Per-round communication cost:

where is the number of participating clients, is the model dimension, and is the applied compression ratio.
· Per-client local computation cost:

where is the number of local epochs and is the batch size.
· Overall training cost:

reflecting linear scaling with the number of global communication rounds and client parallelism .
S6.4 Implementation Notes
· The compression operator can represent either top- sparsification or quantization, depending on the available network bandwidth.
· Adaptive weights are recalculated at each round based on local entropy and energy, ensuring fairness across heterogeneous devices.
· Aggregation at the server preserves unbiased convergence under bounded client variance assumptions (see Section S2).
· The pseudocode was implemented and verified using PyTorch 2.x, NumPy 1.26, and Python 3.11 to ensure reproducibility.
S6.5 Summary	
The EcoFedX algorithm performs dynamic multi-objective optimization by adaptively adjusting client contributions based on entropy and energy conditions.
This design achieves an effective balance between accuracy, communication efficiency, and energy consumption while maintaining the standard convergence guarantees of Federated Averaging.
The presented pseudocode formalizes the core procedure and defines its computational complexity for replication and future benchmarking.
S7. Ablation and Sensitivity Experiments
S7.1 Overview
This section presents detailed ablation and sensitivity analyses for EcoFedX to quantify the contribution of key design parameters — compression ratio, client heterogeneity, and device-level energy budgets — across all benchmark datasets.
The objective is to establish a direct correspondence between the empirical claims in the main manuscript and the underlying experiments reported in Tables S5–S7 and Figure S3.
All experiments were repeated five independent times using different random seeds (n = 5).
Results are reported as mean ± standard deviation, with significance tested using t- and Wilcoxon signed-rank tests (p < 0.05).
S7.2 Effect of Communication Compression Ratio
To assess the communication–accuracy trade-off, we varied the compression ratio , where denotes full precision (no compression).
Table S5 summarizes the results.
Table S5. Effect of compression ratio on accuracy, communication, and energy consumption (mean ± std over five runs).
	Compression Ratio 
	CIFAR-10 Accuracy (%)
	Speech Commands Accuracy (%)
	UCI-HAR Accuracy (%)
	Communication Cost ↓ (%)
	Energy ↓ (%)

	1.0
	91.8 ± 0.4
	94.2 ± 0.3
	92.5 ± 0.4
	0
	0

	0.5
	91.4 ± 0.3
	93.8 ± 0.4
	92.0 ± 0.3
	22 ± 2
	12 ± 2

	0.25
	91.1 ± 0.3
	93.6 ± 0.4
	91.8 ± 0.3
	38 ± 2
	21 ± 3

	0.1
	89.7 ± 0.5
	92.9 ± 0.5
	91.0 ± 0.5
	63 ± 3
	28 ± 3


When compression increases (smaller ), EcoFedX achieves significant communication savings with minor accuracy degradation up to .
At , accuracy drops by ≈ 2 %, defining a practical compression threshold for balanced performance.
S7.3 Effect of Client Heterogeneity
We examined system robustness under varying data heterogeneity by controlling the entropy of client data partitions ().
Three heterogeneity settings were tested:
· Low heterogeneity: IID split ( ≈ 0.2),
· Moderate heterogeneity: non-IID split ( ≈ 0.6),
· High heterogeneity: extreme non-IID ( ≈ 1.2).
Table S6. Performance of EcoFedX under different levels of client data heterogeneity (mean ± std, n = 5).
	Heterogeneity Level
	CIFAR-10 Accuracy (%)
	Speech Commands Accuracy (%)
	UCI-HAR Accuracy (%)
	Δ vs. FedAvg (%)

	Low
	91.9 ± 0.4
	94.3 ± 0.3
	92.6 ± 0.3
	+3.5

	Moderate
	91.1 ± 0.3
	93.8 ± 0.4
	91.8 ± 0.4
	+4.0

	High
	89.5 ± 0.6
	92.5 ± 0.6
	90.9 ± 0.5
	+2.2


Even under high heterogeneity, EcoFedX maintains stable convergence, outperforming FedAvg by an average 3.2 ± 0.4 %.
Entropy-weighted aggregation mitigates gradient drift among clients, maintaining robustness under extreme non-IID conditions.
S7.4 Effect of Energy Budget Constraints
To analyze energy adaptation, we scaled each client’s available energy budget relative to its nominal capacity ().
As summarized in Table S7, EcoFedX effectively down-weights high-energy clients to balance total consumption.
Table S7. Effect of energy budget scaling on energy consumption and model accuracy (mean ± std, n = 5).
	Energy Budget Scaling
	Jetson Nano (J)
	Raspberry Pi 4 (J)
	ESP32 (J)
	Energy ↓ vs. FedAvg (%)
	Accuracy Δ (%)

	1.0
	920 ± 28
	710 ± 22
	420 ± 17
	0
	0

	0.75
	860 ± 26
	670 ± 20
	380 ± 15
	18 ± 2
	−0.5 ± 0.2

	0.5
	810 ± 25
	640 ± 20
	350 ± 15
	30 ± 3
	−1.1 ± 0.3



At 50 % nominal energy, EcoFedX achieves an average 30 ± 3 % reduction in energy usage with less than 1.1 ± 0.3 % accuracy degradation, demonstrating its ability to self-adapt to constrained power conditions.
S7.5 Failure and Edge Cases
While EcoFedX shows consistent improvements, two conditions yield diminished benefits:
1. Extreme Compression (r_c ≤ 0.1): accuracy decreases beyond 2 %, with communication stability degrading under aggressive quantization.
2. Sparse Client Participation (< 20 % of K): adaptive weights fluctuate excessively due to insufficient client diversity, causing slower convergence.
These boundary cases are illustrated in Figure S3, showing accuracy–energy trade-offs under severe compression and low-participation settings.
S7.6 Visualization of Trade-offs
Figure S3 depicts the average trade-off curves between accuracy, energy consumption, and communication cost as varies.
Each point represents the mean of five runs, with error bars indicating one standard deviation.
EcoFedX maintains near-optimal Pareto efficiency up to moderate compression levels before accuracy declines sharply below .
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Figure S3. Accuracy–Energy–Communication trade-off for EcoFedX across compression ratios (CIFAR-10 dataset).
EcoFedX remains within the Pareto frontier under realistic compression and energy constraints.
S7.7 Summary of Observations
	Parameter
	Range Tested
	Key Outcome
	Robustness

	Compression Ratio 
	1.0 → 0.1
	38 ± 2 % communication reduction with ≤ 2 % accuracy loss
	High

	Client Heterogeneity
	IID → Non-IID (Var(H) up to 1.2)
	≤ 1.5 % accuracy loss; 3–4 % gain vs. FedAvg
	High

	Energy Budget Scaling
	1.0 → 0.5
	30 ± 3 % energy saving; ≤ 1 % accuracy loss
	High

	Failure Cases
	r_c ≤ 0.1; low participation
	Slight degradation (−2–3 % accuracy)
	Moderate



Key Insight:
EcoFedX achieves balanced multi-objective optimization under realistic conditions and demonstrates graceful degradation under extreme constraints.
These ablation studies validate the quantitative claims in the main paper, confirming that reported improvements (≈4 % higher accuracy, ≈38 % lower communication cost, and ≈30 % reduced energy usage) are consistent, statistically significant, and empirically traceable to specific experiment sets.
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