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1. Introduction 

Exponential growth in data volume and depth of learning has led to the use of large-scale sparse models in many 

industrial ecosystems [1] [2]. Training such large-scale models in decentralized networks requires a lot of 

computational power, leading to an unsustainable rise in costs and network congestion [3] [4]. Conventional 

optimization techniques are characterized by dense gradient calculations, where each parameter update needs 

several communication rounds between edge nodes and cloud orchestrators [5]. Such a linear scaling property 

in relation to model size consumes a lot of battery power at the edge node and deteriorates the quality of wireless 

channels, making optimization hard. In order to alleviate such resource bottlenecks, carbon-friendly 
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decentralized training techniques have been developed, with emphasis on adaptive model sizes, energy-efficient 

algorithms, and intelligent edge parameters for inference. 

The key objective of this research paper is to develop, implement, and test a sub-linear gradient estimation 

system that would break off any dependency on linear updates of parameters in training sparse models at a 

massive scale. Through the implementation of a localized coordinate sampling mechanism, the proposed system 

will enable each node to compute and transfer just a portion of the entire gradient vector in each update round. 

The proposed approach aims to tackle the challenge of balancing the model's global convergence speed and the 

energy consumption by local hardware in decentralized architectures, which is vital in achieving sustainability 

in cloud systems. Key contributions of this work are summarized in the following explicit points: 

• Development of a sub-linear gradient tracking algorithm that achieves scalable convergence bounds 

without requiring full parameter updates from participating training nodes. 

• Formulation of a carbon-aware scheduling policy that maps local model update frequencies directly to 

the real-time energy availability and channel conditions of edge devices. 

• Execution of comprehensive empirical validations demonstrating substantial reductions in global 

communication overhead and hardware carbon footprint without severely compromising final model 

accuracy. 

The rest of this research paper has been structured systematically in various operational segments that enable a 

clear representation of the research. Section 2 discusses the literature survey on recent advancements in green 

computing, federated optimization frameworks, and decentralized energy-efficient measures. Section 3 

elaborates on the structural architecture of the developed sub-linear estimation model, highlighting key aspects 

such as the fundamental building blocks, operational algorithms, and mathematical updating models. Section 4 

analyzes the experimental evaluation comprehensively, giving details of the software tools employed, data 

distribution, parameter initialization, and performance comparison plots. Lastly, Section 5 serves as a conclusion 

to the paper, giving key statistical conclusions and possible directions for future research in large-scale sparse 

model optimizations. 

2. Literature Survey 

In recent literature, there is a trend showing the growing interest in reducing the environmental impact and 

limitations of network communications in the context of distributed machine learning architectures. The study 

of green AI approaches is mainly concerned with understanding the actual carbon emissions involved in local 

device processing as compared to global synchronization cycles. For designing resilient edge computing 

networks, current research efforts include the design of specific intrusion detection mechanisms and low-carbon 

environmental sensing frameworks supported by intelligent consumer electronics [7] [9]. In addition, efficient 

network traffic optimization using enhanced deep neural networks has become a necessary condition for 

ensuring privacy in mobile wireless networks. Such varied foundations underscore the broad agreement 

regarding the need to achieve a balance between predictive accuracy and the practical constraints of hosting 

infrastructure in modern deep learning approaches [6] [8]. 

To overcome these contradictory requirements, recent approaches consider structural architectural changes that 

are meant to regulate global carbon cost dynamically through training periods [14]. The state-of-the-art 

optimization techniques consider dual flexible control policies and ubiquitous scheduling techniques that enable 

green edge computing [15]. Likewise, carbon-aware scheduling techniques schedule particular client 

transmission windows depending on the availability of renewable grid energy within particular regions to reduce 

dependence on non-renewable sources [16]. In high-security environments such as health information systems, 

anomaly detection techniques are considered alongside privacy techniques to avoid computational constraints 

[17]. Also, eco-learning orchestration techniques dynamically modify the global footprint of the execution by 

modeling the energy metrics of participating devices. This shows that dynamic adaptation of execution states to 

environmental conditions can help reduce carbon footprint in deep learning models [19]. 

In alternative methods, efforts have been made to ensure the security of decentralized energy management 

systems, as well as to develop empirical baselines to gauge the emissions caused by training AI models globally 
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[20]. The security-centric federated system, such as VoltSecure, illustrates the possibility of managing 

decentralized energy systems without creating huge communication costs. Empirical research gives insight into 

the baseline carbon footprint of different distributed systems, which shows the importance of optimizing such 

systems [10]. To handle diverse clients' devices, heterogeneous optimization solutions like Clover optimize 

learning tasks for different device categories to avoid stragglers. In-depth computing surveys reveal that green-

oriented AI is quickly entering a new age of hardware-centric design. Together, all these studies show that the 

sparsity of models and local optimizations influence the scalability of deep learning systems. 

Geographical distributions of data centers, sustainable client selection matrices, and industrial IoT monitoring 

systems have been among the recent strategies in engineering. Geographically dispersed data centers leverage 

carbon-aware strategies such as CAFE in order to migrate heavy training workloads to areas with clean energy 

grids. On the edge side, sustainable selection strategies such as Eco-FL help improve system longevity by filtering 

out energy-deprived clients before engaging in training rounds. Environmental analytics continue to embrace the 

power of machine learning in analyzing the level of carbon emissions in industrial areas [11]. In the realm of 

Industrial IoT, communication-efficient approaches are critical for lowering the carbon emissions of robust 

distributed models [13]. Lastly, energy-aware client selection approaches such as SAGE leverage performance 

metrics from previous rounds [12] [18]. 

It is clear from the literature available that even though carbon-aware client scheduling, model selection, and 

geographic routing help to reduce the impact of training, there is significant dependence on full or block-wise 

dense gradient transfers. Such a linear dependence on the model parameter size is a different kind of scalability 

challenge when dealing with large-scale sparse models. The sub-linear gradient estimation algorithm that is 

presented in this paper specifically tries to solve this problem by making the communication sub-linear in the 

model size, complementing existing client-selection and energy-scheduling paradigms. 

3. Proposed Methodology 

The design of the proposed architecture tries to overcome the computational and communication overheads 

associated with the training of large, sparse models through the introduction of a randomized sub-linear 

estimation approach that eliminates the use of traditional full gradient approaches. The entire system 

architecture is divided into three major functional layers, namely: the Data Ingestion and Sparsification Layer, 

the Sub-Linear Estimation Engine, and the Energy Aware Orchestration Layer. 
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Figure 1: Proposed System Architecture for Sub-Linear and Energy-Aware Model Training 

Figure 1 shows how data is ingested and sparsified before being passed to the sub-linear gradient estimation 

engine and orchestrated by the energy-aware layer. The whole process enables the updating of models in a 

scalable manner and dynamically minimizes communication and carbon emission through carbon-aware node 

selection. 

The first layer performs operations on raw incoming data by applying the sparse feature mask that filters the 

active coordinates in the huge architecture of the model. The second layer runs the sub-linear estimation engine 

that employs randomized coordinate sampling to choose a very small proportion of coordinates for estimating 

local gradient direction vectors. In the third layer, the local devices' battery level and carbon efficiency scores are 

checked to find out the optimal update rate before sending parameters to the global aggregator. 

The algorithm used in optimization is described below. 

Sub-Linear Coordinate Gradient Tracking Algorithm 

Initialization: Set the global sparse model parameters W0 , the target sample size k where k ≪ d (total 

dimensions), learning rate η and total training rounds T. 

For each training round t = 1, 2, …, T do: 

Client Participation Selection: Identify active edge nodes based on real-time energy availability and carbon 

efficiency scores. 

Randomized Index Sampling: Generate a random subset of coordinate indices Ωt  ⊂ {1, 2, … d} such that the 

cardinality |Ωt|= k. 

Local Gradient Computation: Compute partial gradient vectors only for the sampled coordinate space: 

GΩt
(Wt) = ∇Ωt

L(Wt) 

Sub-Linear Scale Adjustment: Estimate the global gradient vector via scaling to ensure unbiased properties: 

Gt =
dk ⋅ GΩt

Wt

 

Sparse Parameter Update: Apply the localized coordinate update sequence to the weights: 

Wt+1 = Wt − η ⋅ Ĝt 

End For 

Output: Return the optimized massive-scale sparse model parameters WT. 

The mathematical model governing this optimization process ensures that the variance of the sub-linear 

estimator remains bounded during training iterations. Let L(W) represent the global loss function over the 

sparse model domain. The sub-linear directional estimatorĜt updates the parameter space according to the 

following mathematical framework shown in equation (1): 

Wt+1 = Wt − η (
d

k
∑ ∇jL(Wt)

j∈Ωt

⋅ ej)         (1) 

where ej represents the standard basis vector for coordinate space j. Because the selection of index set Ωt is 

uniformly distributed over all available dimensions, the expected value of the sub-linear gradient satisfies the 

condition E[Ĝt] =  ∇jL(Wt). This mathematical formulation allows the training system to minimize 

communication requirements to a sub-linear scale of O(k) parameters per step while maintaining stable global 

convergence properties across long-term execution rounds. 

4. Results and Discussion 

The empirical analysis of the proposed sub-linear gradient estimation framework was performed in a distributed 

network simulation setting. The simulation framework was implemented in Python 3.10, utilizing PyTorch 2.1 
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together with the Flower federated learning framework to coordinate distributed communication nodes. The 

experimental setup for hardware included edge clients simulated with different power consumption 

configurations. The testing of the framework was done with the use of a large sparse benchmark dataset, which 

consists of 1,500,000 samples, 45,000 sparse features, and a multi-class categorization scheme. The global 

parameters for the framework were set up to have a learning rate η= 0.01, total coordinate dimension d = 45,000, 

sub-linear sample size k = 4,500 (which is equal to 10% of coordinate tracking), and 128 samples for batch 

configuration. 

Performance of the system was determined by the effectiveness of five key performance metrics that were 

calculated after each training process. These metrics include Classification Accuracy (A), Mean Squared Error 

(MSE), Energy Consumption Rate (ECR), Communication Bandwidth Cost (CBC), and Carbon Emission Savings 

Percentage (χ). The formulas used for the calculation of these metrics are as stated below in equations (2), (3), 

(4), (5), and (6): 

A =
True Positives + True Negatives

Total Evaluation Inferences
                                     (2) 

MSE =
1

n
∑(yi − yî)

2 

n

i=1

                                                                (3) 

ECR = ∑ (Pcomp(c) ⋅ tcomp(c) + Pcomm(c) ⋅ tcomm(c))

C

c=1

          (4) 

CBC = TotalBitsTransmitted = M × Nparams × Bbits         (5) 

χ = (1 −
CarbonFootprintofSub − LinearMode

CarbonFootprintofBaselineDenseModel
) × 100%         (6) 

The performance comparison between the proposed sub-linear model and traditional optimization methods 

based on the above-mentioned metrics is summarized in Table 1. 

Table 1: Performance Comparison Matrix 

Optimization Algorithm 

Final 

Accuracy 

(A, %) 

Mean 

Squared 

Error 

(MSE) 

Bandwidth 

Cost (CBC, 

GB) 

Energy 

Used 

(ECR, 

kWh) 

Carbon 

Savings 

(χ, %) 

Full Dense Gradient 92.40% 0.038 485.2 142.5 
0.0% 

(Baseline) 

Block-Coordinate FL 91.10% 0.042 185.6 72.4 49.1% 

Proposed Sub-Linear Framework 91.65% 0.040 92.4 44.8 68.5% 

The results provided in Table 1 demonstrate that the suggested sub-linear method greatly decreases both the 

expenses related to bandwidth and energy consumption. The communication needs are decreased by more than 

80% from 485.2 GB to 92.4 GB while achieving the same classification accuracy of 91.65%. 

Figure 2, illustrating the accuracy achieved through training with respect to subsequent rounds of 

communications, indicates that the sub-linear estimation procedure has very good convergence properties. 

However, the dense gradient estimator converges a bit faster than the sub-linear one during the initial training 

phase because of complete parameter updating, after the fifth round of communications, similar convergence 

stability is achieved. This implies that partial gradient estimations can sustain convergence paths without any 

divergence problems. 
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Figure 2: Training Accuracy Across Successive Communication Rounds 

An ablation study was performed by deliberately deactivating the various components in order to understand 

their independent contributions to the overall performance of the system. Disabling the random coordinate 

sampling module made the system rely on dense parameter tracking, thereby increasing the communication 

overhead by 81.2%. On the other hand, turning off the energy-aware node scheduling policy without sub-linear 

estimation resulted in a 24.6% rise in carbon emissions owing to poor coordination in transmitting data through 

carbon-intensive networks. This study highlights the importance of the combination of sub-linear estimation and 

energy-aware scheduling in reducing carbon emissions. 

5. Conclusion 

The current study presents a highly efficient sub-linear gradient estimation scheme that is specifically designed 

to effectively optimize the training process for very large-scale sparse models in decentralized edge networks. 

Through a combination of randomized coordinate sampling and carbon-aware optimization, the proposed 

architecture manages to completely dissociate the process of parameter updates from linear dimensional 

limitations. The empirical results obtained through experiments clearly confirm the high efficiency of the 

developed framework through statistical significance, with an impressive 68.5% gain in terms of carbon savings 

compared to existing baselines. Moreover, the new system greatly reduces the pressure on the network by 

significantly reducing the bandwidth required for global communication, which amounts to only 92.4 GB instead 

of the 485.2 GB consumed by traditional dense gradient counterparts. Most importantly, these outstanding 

achievements have been accomplished at virtually no cost in terms of model performance. The architecture 

guarantees a very high level of classification accuracy of 91.65%, which denotes a very small, negligible error of 

0.75% when compared to full gradient approaches. From the above findings, it is evident that incorporating 

stringent mathematical coordinate constraints within distributed learning approaches can be instrumental in 

addressing the huge energy consumption costs associated with large-scale AI systems. In terms of future 

directions, future research will entail adopting the sub-linear estimation approach in order to accommodate 

highly dynamic, non-IID data distribution among edge clients. The other aspect will entail exploring 

asynchronous update techniques to address issues of straggler delays. 
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