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Abstract: The energy consumption of deep learning models during training and inference processes has become an important 

performance indicator, especially for applications running on resource-constrained devices. Although there are significant differences 

in computational costs between different architectures, studies that comprehensively compare the energy efficiency of models are 

limited. In this study, six widely used models MobileNetV2, EfficientNet-B0, ResNet50, DenseNet121, Xception, and VGG19 were 

trained and evaluated under the same dataset and experimental settings. Real-time power measurements were performed on an RTX 

2070 GPU to calculate each model's total energy consumption during training and inference, average power value, frames per second 

(FPS), and energy cost per image (J/image). The findings show that lightweight architectures are significantly more efficient: 

MobileNetV2 achieved the lowest energy consumption at 0.2289 J/image during inference, while EfficientNet-B0 offered balanced 

performance in terms of accuracy and energy usage. In contrast, VGG19 stood out as the least efficient model due to its high power 

requirements. The results reveal that model architecture has a direct impact on energy consumption and that model selection plays a 

critical role in the design of sustainable artificial intelligence systems. 
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1. Introduction 
Deep learning models have revolutionized various 

disciplines with their significant achievements in image 

recognition, natural language processing, and many other 

tasks in the field of artificial intelligence (Xu et al., 2023). 

The increasing complexity and prevalence of these 

models have brought to the fore a serious problem: high 

energy consumption and its environmental impact 

(Tuğaç, 2023). In particular, the training and deployment 

of large-scale deep learning models require significant 

amounts of energy and increase the carbon footprint. to 

the extent that training large models such as GPT-3 can 

be equivalent to the carbon dioxide emissions emitted by 

a car over its lifetime (Bozkurt, 2024). This situation has 

led to growing concerns about the sustainability and 

environmental responsibility of artificial intelligence 

technologies (Söyler, 2025). 

Traditionally, the success of deep learning models has 

generally been evaluated using performance metrics 

such as accuracy and inference speed. However, with 

increasing energy consumption and environmental 

concerns, the energy efficiency and ecological footprint of 

models have become evaluation criteria that are at least 

as important as these metrics (Xu et al., 2023). In this 

context, understanding the energy consumption 

characteristics of different deep learning architectures is 

critical for developing more sustainable and efficient 

artificial intelligence solutions (Xu et al., 2023). 

In this study, the energy consumption performance of six 

commonly used convolutional neural network 

architectures MobileNetV2, EfficientNet-B0, ResNet50, 

DenseNet121, Xception, and VGG19 were comparatively 

analyzed. These models have a wide range of applications 

in tasks such as image classification and differ in terms of 

architectural complexity and performance (Xu et al., 

2023). In particular, lighter architectures (e.g., 

MobileNetV2) are noted to offer low energy consumption 

potential (Qi et al., 2022). The study aims to analyze the 

energy consumption patterns exhibited by these models 

when run on an NVIDIA RTX 2070 graphics processing 

unit. Although GPUs are widely used to accelerate deep 

learning workloads, their high energy consumption has 

often been overlooked (Tang et al., 2019). Therefore, 

understanding the impact of the hardware platform on 

energy performance is also of great importance (Wang et 

al., 2021; Wang et al., 2024). 

This comparative analysis aims to assist researchers and 

developers in making more informed decisions by 
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emphasizing that energy efficiency is an important factor 

in the selection of deep learning models, alongside 

accuracy and speed. 

1.1. Literature Review 

Deep learning models have made a significant impact 

with their achievements in image recognition, natural 

language processing, and many other artificial 

intelligence applications. However, the increasing 

complexity and prevalence of these models have also 

raised serious concerns, such as high energy 

consumption and its environmental impacts (Aquino-

Brítez et al., 2025; Li et al., 2022; Mehlin et al., 2023). The 

training and deployment of large-scale deep learning 

models require significant amounts of energy, sparking 

academic debates about the sustainability of artificial 

intelligence technologies (Ji & Jiang, 2026). 

Traditionally, the success of deep learning models has 

been measured by performance metrics such as accuracy, 

inference speed, and computational efficiency (Getzner et 

al., 2023; Gowda et al., 2024). However, due to AI's 

growing environmental footprint, the energy efficiency 

and ecological impact of models have become evaluation 

criteria as important as model performance (Tripp et al., 

2024; Xu et al., 2023). In this context, understanding the 

energy consumption characteristics of different deep 

learning architectures is critical for developing more 

sustainable and efficient artificial intelligence solutions 

(del Rey et al., 2023). 

Various studies have compared the energy consumption 

performance of different convolutional neural network 

architectures. For example, it has been shown that lighter 

architectures such as MobileNetV2 have significantly 

lower energy consumption compared to heavier models 

such as VGG16 (Dey et al., 2020). Similarly, some studies 

have noted that models such as MobileNetV2 and 

ResNet50 still offer competitive accuracy levels with 

lower energy consumption. These findings highlight the 

direct impact of model architecture on energy efficiency 

and emphasize the importance of developing lighter, 

more efficient architectures (Gowda et al., 2024). 

Graphics Processing Units (GPUs) are widely used in 

deep learning workloads, but their energy consumption 

is also a significant factor (Tang et al., 2019). It has been 

determined that dynamic management techniques for 

GPUs, such as Dynamic Voltage and Frequency Scaling, 

can significantly reduce energy consumption in deep 

learning training and inference processes (Tang et al., 

2019). Research analyzes the accuracy-efficiency trade-

offs by examining the power consumption of deep 

learning models on different GPUs. Modern GPUs, such as 

the NVIDIA RTX series, offer high performance while 

energy efficiency remains a focus for researchers. For 

example, one study measured the instantaneous power 

draw of deep learning models on an 8-GPU NVIDIA H100 

HGX node and found that the maximum power draw was 

18% lower than the value specified by the manufacturer 

(Latif et al., 2024). 

Various methodologies have been developed to 

accurately measure and estimate the energy 

consumption of deep learning models. These 

methodologies include hardware-based measurement 

tools (e.g., wattmeters) and software-based estimation 

tools (Bouza et al., 2023; Rodriguez et al., 2024; Tripp et 

al., 2024). Some studies have presented approaches that 

aim to determine the model's energy consumption by 

estimating it layer by layer, without the need for direct 

energy measurement (Getzner et al., 2023). Furthermore, 

strategies and tools for reducing energy consumption at 

different stages of the deep learning lifecycle are also 

being explored in the literature (Karamchandani et al., 

2024). These studies guide developers and researchers in 

better understanding and managing the environmental 

impacts of artificial intelligence systems (Tu et al., 2023). 

 

2. Materials and Methods 
2.1. Computing Environment 

All experiments conducted in this study were performed 

in a carefully controlled computing environment to 

ensure the reliability and reproducibility of energy 

consumption measurements. The experiments were 

carried out on a system equipped with an NVIDIA 

GeForce RTX 2070 graphics processing unit, an Intel Core 

i7 processor, and 16 GB of RAM. Windows 11 

Professional was used as the operating system, and 

compatible versions of Python 3.10, TensorFlow/Keras, 

CUDA, and cuDNN were preferred for model runs. This 

eliminated performance fluctuations that could arise 

from the software infrastructure. The GPU's 

instantaneous power consumption was sampled at the 

millisecond level using an NVIDIA Management Library 

(NVML)-based profiling infrastructure. During 

measurements, GPU frequency scaling mechanisms were 

disabled to ensure the hardware operated in a fixed 

performance mode. The system memory was cleared 

before each run, the GPU temperature was balanced, and 

unnecessary processes were disabled to prevent 

background load from affecting the measurements. These 

preparatory steps allowed all models to be evaluated 

under the same thermal and hardware conditions. Power 

measurements were collected using the NVIDIA 

Management Library (NVML) with a fixed sampling 

interval of 200 ms, capturing GPU-only power draw. All 

experiments were conducted on an NVIDIA GeForce RTX 

2070 Super GPU under Windows (WDDM) using CUDA 

Toolkit 11.2, cuDNN 8.1.0, and NVIDIA driver version 

591.59 to ensure measurement reproducibility. 

2.2. Deep Learning Architectures Evaluated 

Six common deep learning models with different 

computational intensities and architectural design 

principles were selected for energy efficiency evaluation: 

MobileNetV2, EfficientNet-B0, ResNet50, DenseNet121, 

Xception, and VGG19. These models offer a wide variety 

in terms of building blocks, number of parameters, and 

FLOP values. For example, MobileNetV2 has a very 

lightweight and energy-efficient structure with inverted 

residual blocks and depth-wise convolutions, while 
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deeper and more traditional convolutional networks 

such as VGG19 increase energy consumption with high 

computational costs. Therefore, the selected 

architectures provide an ideal basis for comparison to 

examine how energy efficiency depends not only on the 

number of parameters but also on architectural 

innovations, layer placement, computational intensity, 

and tensor flow. 

2.3. Dataset and Preprocessing Process 

The dataset used in this study is the 320-pixel resolution 

version of the Imagenette dataset provided by FastAI, 

which is a curated subset of ImageNet designed for rapid 

experimentation (Howard & Gugger, 2020). Imagenette is 

a subset of ImageNet containing only 10 of the 1,000 

classes, selected from objects that are relatively easy to 

identify visually. The Imagenette-320 version used in the 

study contains a total of 13,394 images, which are 

divided into training, validation, and test subdirectories. 

This scale offers a more compact structure compared to 

the full ImageNet, while still providing sufficient diversity 

and sample size to evaluate the energy consumption 

characteristics of deep learning models. 

The images were obtained from the official GitHub 

repository of the dataset (fastai/imagenette) and used 

directly without any subsampling, filtering, or relabeling. 

Each model was trained on images rescaled to fit its input 

size and subjected to the same preprocessing steps 

during inference. Normalization was performed using the 

mean and variance values used in the pre-trained 

versions of each architecture, ensuring a consistent data 

distribution during both training and inference. 

Data augmentation techniques were kept limited to avoid 

unnecessarily affecting energy measurements, and 

transformations that could increase computational load 

were specifically excluded from the study. This choice is a 

requirement of the experimental design, which aims to 

ensure that differences in energy consumption stem 

solely from the computational intensity and layer 

structure of the architecture. Imagenette's simple class 

structure allowed models to be trained faster, enabling 

energy consumption profiles to be reliably extracted 

through short-term but consistent observations. 

2.4. Training and Inference Processes 

All models were run under the same training protocol. 

During the training phase, each model used the same 

number of epochs, the same batch size, the same 

optimization algorithm, and the same learning rate 

settings. Throughout all stages of the training process, 

the GPU's power consumption was continuously 

monitored, and the total energy profile was extracted. 

After training, inference evaluation was performed, and 

each model was run sequentially on the test set to 

measure energy consumption, average power level, and 

output speed. Prior to the inference process, the GPU 

temperature was stabilized, the memory was cleared, 

and all potential load sources in the system were 

disabled. This preparation prevented the inference 

performance from being affected by thermal conditions 

or system load and increased the consistency of the 

measurements. 

Model training was conducted using the same training 

protocol for all architectures, ensuring that energy 

consumption comparisons between different models 

were fair and reproducible. During the training process, 

data was split into a fixed ratio of 80% training and 20% 

validation, and all models were subjected to the same 

data augmentation techniques (random horizontal flip, 

random rotation, normalization). The Adam optimizer 

was used for all networks during the optimization phase, 

with an initial learning rate of 0.001 and beta values set 

to (0.9, 0.999). The Cosine Annealing LR Scheduler was 

used to gradually decrease the learning rate as training 

progressed. The batch size was kept constant at 32 for all 

models, ensuring that memory usage and GPU load 

remained consistent throughout the experiments. Cross-

Entropy Loss was chosen as the loss function, and 

training was conducted for a total of 10 epochs for each 

model. To ensure the GPU operated at full load and 

remained stable, mixed-precision was not used during 

the training process, thereby minimizing potential 

fluctuations in energy consumption. This common 

configuration ensured that the energy behaviors of 

different architectures could be observed solely in terms 

of effects arising from architectural differences, 

strengthening the methodological validity of the energy 

performance comparison between models. 

2.5. Energy Measurement Method 

In this study, power consumption refers to the 

instantaneous electrical power draw measured in watts 

(W), while energy consumption represents the 

accumulated energy over time measured in joules (J). The 

term energy cost is used to express the energy consumed 

per processed image (J/image). 

The total energy consumption of the GPU is defined as 

the integral of the instantaneous power over time, as 

shown in equation (1). 
 

𝐸 =  ∫ ₀ᵀ 𝑃(𝑡) 𝑑𝑡                                                                        (1) 
 

Since power is sampled at discrete time intervals in our 

measurements, the total energy used during an 

experiment is approximated by summing the sampled 

power values, as shown in equation (2). 
 

𝐸 ≈  ∑ᵢ 𝑃ᵢ ·  𝛥𝑡                                                                           (2) 
 

The average power consumption over the entire training 

or inference period is then obtained by dividing the total 

energy by the elapsed time, as shown in equation (3). 
 

𝑃_𝑎𝑣𝑔 =  𝐸 / 𝑇                                                                           (3) 
 

To quantify the energy required to process a single input 

sample, the energy per image is computed by 

normalizing the total energy by the number of processed 

images, as shown in equation (4). 
 

𝐸_𝑖𝑚𝑎𝑔𝑒 =  𝐸 / 𝑁                                                                     (4) 
 

Finally, the inference throughput is expressed in frames 
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per second by dividing the number of processed images 

by the total inference time, as shown in equation (5). 
 

𝐹𝑃𝑆 =  𝑁 / 𝑇                                                                               (5) 

 

3. Results 
3.1. Training Energy Consumption Analysis 

This section comparatively examines the energy 

consumption dynamics that emerge during the training 

process of the six evaluated deep learning architectures. 

The findings reveal that architectural design principles 

directly determine energy efficiency, particularly 

highlighting the significant advantages modern and 

lightweight networks offer compared to traditional 

architectures. Table 1 shows the energy consumption 

metrics measured during the training process of the 

evaluated models. It is observed that modern, lightweight 

architectures consume significantly less energy, while 

traditional and deep architectures consume considerably 

more energy despite similar accuracy levels. Figure 1 

compares the total training energy usage of the six deep 

learning architectures, showing that lightweight models 

such as MobileNetV2 and EfficientNet-B0 consume 

significantly less energy than deeper architectures like 

VGG19. 

 

Table 1. Training energy consumption metrics of evaluated models 

Model Duration (second) Average Power (Watt) Total Energy(J) Model Duration (second) 

MobileNetV2 1162.06 64.11 74,496.88 0.7867 0.9702 

EfficientNet-B0 1368.82 73.83 101,059.64 1.0673 0.9845 

ResNet50 1212.64 135.22 163,979.70 1.7318 0.9931 

DenseNet121 1951.50 99.74 194,652.35 2.0557 0.9839 

Xception 1292.86 156.43 202,247.09 2.1359 0.9949 

VGG19 21867.35 90.47 1,978,405.28 20.8935 0.9845 

 
The results obtained show that MobileNetV2 is by far the 

most energy-efficient architecture. The model consumed 

only 74,496.88 J of energy and operated at an average 

power of 64.11 W. Furthermore, achieving 97.02% 

validation accuracy demonstrates that energy efficiency 

does not result in a significant loss in accuracy. 

EfficientNet-B0 also offers a strong balance with similarly 

low energy consumption (101,059.64 J) and high 

accuracy (98.45%). 

In contrast, energy consumption increases significantly in 

deeper and more complex networks. ResNet50 and 

DenseNet121 consumed 163,979.70 J and 194,652.35 J of 

energy, respectively; although both models achieved over 

98% accuracy, they lagged behind MobilenetV2 and 

EfficientNet-B0 in terms of energy-performance balance. 

This demonstrates that while residual and dense 

connections increase representational power, they also 

raise energy costs during training. 

Xception consumed a total of 202,247.09 J of energy with 

a high average power consumption (156.43 W) despite 

its discretized convolution structure. The model's 

achievement of 99.49% accuracy is noteworthy; 

however, its energy cost is approximately three times 

that of MobilenetV2. 

As expected, the highest energy consumption occurred in 

the VGG19 model. Its total energy consumption of 

1,978,405.28 J is excessively high compared to the other 

evaluated architectures and is approximately 26 times 

higher than MobileNetV2. This result clearly 

demonstrates that the deep and dense structure of the 

VGG architecture, which lacks modern efficiency 

mechanisms, is not sustainable in terms of energy. 

Overall, the findings reveal that low-complexity modern 

architectures provide the most balanced performance in 

terms of both accuracy and energy efficiency, while 

traditional or excessively deep networks are not suitable 

for sustainable AI applications due to their high 

computational cost. 

 

3.2. Energy Consumption Analysis of the Inference 

Process 

The energy consumption results of the six evaluated 

architectures during the inference phase are summarized 

in Table 2. The results reveal significantly lower total 

energy requirements compared to the training process, 

while also demonstrating that the efficiency differences 

between the models are clearly maintained during the 

inference phase. Lightweight architectures, in particular, 

are extremely advantageous in terms of energy 

consumption, with both lower average power 

consumption and higher frames per second (FPS) values. 
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Figure 1. Total training energy consumption of evaluated models. 

 

Table 2. Inference energy consumption metrics of evaluated models 

Model Duration (second) FPS Average Power (W) Total Energy (J) Energy / Image (J) 

MobileNetV2 29.865 131.42 30.09 898.76 0.22898 

EfficientNet-B0 30.548 128.49 35.83 1094.61 0.27888 

ResNet50 28.801 136.28 71.80 2067.78 0.52682 

DenseNet121 39.151 100.25 67.05 2625.26 0.66886 

Xception 32.651 120.21 72.18 2356.82 0.60046 

VGG19 40.056 97.99 107.99 4325.52 1.10204 

 

Table 2 shows the average power, total energy, energy 

cost per image, and inference speed measured during the 

inference phase. It is observed that modern and 

lightweight architectures consume significantly less 

energy, while deep and traditional architectures have 

higher energy costs. Figure 2 illustrates the per-image 

energy consumption during inference, highlighting the 

efficiency advantage of MobileNetV2 and EfficientNet-B0 

compared to heavier architectures. 

The highest energy efficiency during inference was 

observed in MobileNetV2. The model consumed only 

898.76 J of total energy and had the lowest cost among all 

evaluated architectures at 0.2289 J per image. It also 

achieved a speed of 131.42 FPS, demonstrating an ideal 

profile in terms of both energy and performance. 

EfficientNet-B0 is similarly efficient with a value of 

0.2788 J/image, confirming the advantages of modern, 

compact architectures in the inference phase. 

Energy consumption increases in more comprehensive 

architectures. ResNet50 consumed a total of 2067.78 J of 

energy and 0.5268 J per image. DenseNet121, on the 

other hand, incurred a higher cost at 0.6688 J/image. 

Both models require higher average power during 

inference due to their structural complexity, yet their FPS 

values lag behind MobileNetV2 and EfficientNet-B0. 

 
 

 
Figure 2. Inference energy cost per image across models. 
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Despite its separated convolution structure, Xception 

exhibited a highly intensive computational character 

with an average power of 72.18 W and consumed 0.6004 

J/image. Although its FPS value (120.21) is high, its 

energy cost is significantly higher than that of lightweight 

architectures. VGG19 had by far the highest energy 

consumption in inference, as it did in training. The 

model's total energy consumption was 4325.52 J, which 

is approximately 2–5 times higher than all other 

architectures at 1.1020 J/image. Additionally, the low 

FPS value (97.99) indicates that the model exhibits a 

slow and costly inference profile. 

The results show that lightweight, modern, and 

optimized architectures are by far more energy-efficient 

during inference. Deep and older architectures 

dramatically increase inference energy costs and are at a 

disadvantage in sustainable applications, despite 

achieving similar accuracy levels. This study 

comprehensively analyzes the energy consumption of six 

different deep learning architectures during training and 

inference processes. The findings clearly demonstrate 

that architectural design principles are decisive for both 

total energy consumption and energy cost per image. 

Lightweight architectures such as MobileNetV2 and 

EfficientNet-B0 stood out with the lowest energy 

consumption in both training and inference phases; in 

contrast, deeper or computationally intensive models 

such as VGG19 and Xception resulted in significant 

energy consumption. These results reveal that 

architectural approaches aimed at reducing 

computational complexity play a critical role in 

environmental sustainability. The results indicate that 

higher accuracy does not necessarily imply higher energy 

efficiency, as lightweight architectures achieve 

comparable accuracy with substantially lower energy 

cost. 

Comparisons during the training phase show that 

network depth and parameter count directly affect 

energy consumption. Notably, the total energy 

consumption measured during the training of VGG19 was 

orders of magnitude higher than all other models, 

confirming that classical architectures can be energy 

inefficient on modern hardware. In contrast, 

MobileNetV2 and EfficientNet-B0 provided significant 

advantages in terms of both time and energy 

consumption thanks to their lower number of 

parameters and optimized computation blocks. This 

aligns with findings frequently emphasized in current 

research that “lightweight models are critical 

components for sustainable AI.”  

When the inference stage was examined, a similar trend 

was observed in terms of energy efficiency. MobilenetV2 

and EfficientNet-B0 achieved the highest FPS values, 

emerging as the most suitable architectures not only in 

terms of energy but also for applications requiring real-

time processing. Interestingly, ResNet50, which had 

moderate energy consumption during training, was 

found to offer quite efficient FPS values during the 

inference stage; this may be a result of its good 

parallelizability despite the depth of the architecture. On 

the other hand, VGG19 lagged far behind modern 

architectures in terms of energy efficiency in both 

training and inference processes, demonstrating that it is 

not a sustainable option for practical use. Figure 3 

visualizes the trade-off between inference speed (FPS) 

and average power consumption, showing that 

lightweight architectures achieve high throughput with 

low power usage. 

When all findings are evaluated together, it is seen that 

not only model size but also the types of convolutions 

used, block configurations, parameter efficiency, and the 

load distribution created by the computation flow on the 

GPU are effective on energy consumption. Mobile-

focused design principles, such as depthwise separable 

convolution and inverted residual blocks, dramatically 

reduce energy costs. These results emphasize that when 

developing AI systems operating in energy-constrained 

environments in the real world, the energy-performance 

balance must be considered as much as accuracy in 

model selection. 
 

 
Figure 3. Throughput–Power trade-off (fps vs average power) for all models. 
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Furthermore, this study has revealed that the training 

and inference stages can exhibit completely different 

profiles in terms of energy consumption. Some models 

consume high energy during training but can be 

relatively efficient during inference. Therefore, 

evaluating energy costs based solely on one stage is 

insufficient; the total energy consumed by the model 

throughout its life cycle must be taken into account. 

In conclusion, this study makes a meaningful 

contribution to the literature by systematically 

measuring energy consumption and providing a 

comprehensive comparison between modern and 

classical architectures. The findings show that 

architectural choices are critical for developing 

sustainable artificial intelligence applications and that 

energy efficiency must now occupy a central place among 

performance metrics. In this context, considering the 

energy-performance balance, the MobileNetV2 and 

EfficientNet-B0 architectures stand out as the most 

suitable options, especially for resource-constrained 

devices and real-time applications. 

 

4. Discussion and Conclusion 
This study presents significant findings in the field of 

energy efficiency by systematically and comprehensively 

examining the energy consumption that arises during the 

training and inference processes of six different deep 

learning architectures. The results reveal that the model 

architecture has a decisive impact on energy 

performance; specifically, lightweight and optimized 

architectures such as MobileNetV2 and EfficientNet-B0 

have been shown to achieve the lowest energy 

consumption in both training and inference phases, 

making them the most suitable options for sustainable 

artificial intelligence applications. In contrast, deeper and 

computationally intensive architectures like VGG19 and 

Xception, while offering competitive performance in 

terms of accuracy, fall short in meeting modern 

requirements for energy efficiency. 

The findings show that energy cost is closely related not 

only to model size but also to the computational 

complexity of the architecture, layer design, and the 

capacity for task parallelization on the GPU. Therefore, 

accuracy alone is not sufficient when evaluating deep 

learning models; the energy-performance balance must 

now become a central design and selection criterion. 

Energy efficiency has become a critical factor in model 

architecture selection, especially with the proliferation of 

mobile devices, embedded systems, and real-time AI 

applications. 

This study fills an important gap in the literature by 

performing energy measurements during both training 

and inference phases and providing a detailed 

comparison across different architectures. Future work 

could explore energy behaviors across different GPU 

architectures, the energy gains of quantization and model 

compression techniques, and new architectural design 

strategies that optimize energy efficiency in the context 

of the accuracy-performance trade-off. Furthermore, 

comparisons on large-scale datasets and multiple 

hardware configurations will provide more 

comprehensive contributions to sustainable artificial 

intelligence research. 

Although Imagenette provides a controlled benchmark, 

further experiments on large-scale datasets such as 

ImageNet are required to assess the generalizability of 

the observed energy consumption trends. 

Overall, this study strongly emphasizes that energy 

efficiency is an integral metric in the evaluation of 

artificial intelligence models and establishes an 

important foundation for the development of sustainable, 

low-environmental-impact deep learning systems. 
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