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Abstract:  The quick progress of deep learning has resulted in larger and larger models, posing challenges 

to their computational requirements and environmental implication. Knowledge Distillation (KD) has 

emerged as an attractive solution to reducing the size of these complex models and the ability to achieve 

similar levels of performance using smaller and more efficient models. The paper will discuss the recent 

progress in the knowledge distillation field, focusing on the advancement of the efficiency of algorithms, 

multiple stages of distillation, and its role in Green AI efforts. It discusses the background research and 

recent advances, especially when it comes to transformer-based architectures and TinyML applications. 

The results show that knowledge distillation is an effective method to deploy high-performance models on 

resource-limited edge devices, as well as minimize energy usage and carbon emissions. 

 

 

Index Terms - Knowledge Distillation, TinyML, Model Compression, Green AI, Neural Networks, 

Efficiency 

I. INTRODUCTION 

 

Deep learning systems, such as BERT and other large-scale language systems, have achieved excellent 

performance on a broad variety of tasks. Although they have been successful, they are still difficult to 

practically implement due to their large computational and memory requirements. This shortcoming 

underscores the need to implement more efficient solutions that can deliver a similar accuracy using less 

resources. 

The initial study of Knowledge Distillation (KD) by Hinton et al. (2015) can offer the method of knowledge 

transfer to a smaller student model based on the knowledge gained by a more complex teacher model. This 

has been extended in recent years to support transformer-based architectures, edge computing 

environments and energy-efficient AI systems. 

The paper will deal with: 

• Knowledge distillation and its role in enhancing models.  

• Its incorporation with modern architectures like BERT.  

• Its contribution to lowering the environmental footprint of AI  

• Its use in resource-constrained systems and TinyML. 
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II. BACKGROUND AND RELATED WORK 

 

2.1 Background Knowledge in Knowledge Distillation 

 

Knowledge Distillation was originally proposed by Hinton et al. (2015) and included the idea of using soft 

targets and temperature scaling. The student models learn based on the probability distributions that a 

teacher model generates, as opposed to hard labels alone, resulting in a better generalization and high 

performance. 

Subsequently, Sanh et al. (2019) introduced DistilBERT, a smaller variant of BERT that can achieve around 

97 per cent of the performance of the original model, but is much smaller and faster to infer with. This 

paper showed the usefulness of distillation in transformer-based architectures. 

 

2.3 Distillation Algorithms in the real world 

 

The latest development of distillation has concerned efficiency and strong performance of the distillation 

processes. As an example, researchers have tackled problems of distribution shift, in which student models 

use their own generated outputs to make inference as in Generalized Knowledge Distillation in Auto-

regressive Models (2024). In managing such challenges, these approaches promote stability and 

performance in real world situations. 

 

2.3 Multi-Stage Distillation 

 

Multi-stage distillation procedures, investigated in recent works including those introduced at NeurIPS 

2023, expand on traditional KD to output-level learning. These methods include copying intermediate 

representations and internal patterns of reasoning between teacher and student models. This means that, 

with student models, it is possible to model more complicated behaviors, such as more sophisticated 

reasoning strategies (such as chain-of-thought processes). 

 

2.4 Green AI and Carbon Impact 

 

This is because recent studies have highlighted the environmental cost of training large scale machine 

learning models. The large computational needs imply large energy consumption and carbon emissions. 

Knowledge Distillation can alleviate these fears by lowering training and inference expenses. Therefore, 

KD is not only a performance optimization approach but a step in the right direction with regards to more 

sustainable AI practices. 

 

2.5 Edge Deployment and TinyML 

 

TinyML is designed to run models of machine learning on devices with low computational resources and 

memory. Other studies like MicroNet (CVPR 2024) are aimed at creating designs that are very compact 

and efficient. Knowledge distillation, in this respect, is especially appreciated, and it is possible to produce 

lightweight models (e.g., variants of LSTM and CNN) that can be used to achieve faster inference and 

reduced power usage and can be utilized in the real-world edge setting. 

 

III. METHODOLOGY 

 

3.1 Knowledge Distillation Framework 

 

The typical knowledge distillation setup consists of three main components: a large, pre-trained teacher 

model, a smaller student model designed for efficiency, and a distillation objective function. The student 

model is trained to imitate the teacher behavior with learning on both the original dataset and the teacher 

outputs. 

The general aim of training has two kinds of loss functions: the loss depending on the actual labels (hard 

targets) and the one depending on the probability distributions of the teacher model (soft targets). Such a 

combination assists the student model to generalize better. 
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3.2 Multi-Stage Distillation Approach 

 

Here, the multi-stage distillation approach is taken into account in order to improve learning beyond 

fundamental output matching. This includes transferring knowledge at different levels of the model: 

• Output layer distillation.  

• Hidden to visible layer transfer of feature representations.  

• Intermediate activations and internal representations learning.  

This layered strategy enables the student model to inquire more profoundly and structural patterns of the 

teacher model. 

 

3.3 Efficiency Metrics 

 

Various evaluation criteria are used to evaluate the performance of the distilled models: 

• Prediction accuracy  

• Memory footprint and model size.  

• Inference latency  

• Energy efficiency in implementation.  

These metrics offer an overall picture of both the performance and the use of resources. 

 

IV. RESULTS AND DISCUSSION 

 

4.1 Performance vs Efficiency Trade-off 

 

Distilled models can still maintain a high level of performance, but substantially increase the level of 

efficiency. They obtain about 90-97 percent of the accuracy of the initial teacher models in most instances. 

Meanwhile, the model size can be cut by approximately 50-70 percent, resulting in smaller architectures. 

Also, the speed of inference can be faster, typically by 2-5 times that of larger models. 

 

 
 

Fig 1. Improvement Factor Comparison 

 

4.2 Environmental Impact 

 

Knowledge distillation helps to lower the environmental cost of deep learning. It reduces the intensive use 

of GPUs, reduces training time, and minimizes the total carbon emissions. These advantages are consistent 

with the goals of Green AI which is a project that seeks to come up with more sustainable and energy 

efficient machine learning. 
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4.3 Comparison with Pruning 

 

Both model pruning and knowledge distillation are methods to enhance efficiency but differ in their 

implementation. The Pruning method concentrates on removing unnecessary parameters of a trained model, 

which makes it smaller, but may also lead to a loss of accuracy. Conversely, distillation, through its transfer 

of knowledge, takes a bigger model to a smaller one, assists in performance preservation with efficiency 

advantages. Distillation, however, needs the presence of an experienced teacher model. 

 

4.4 TinyML Suitability 

 

Knowledge distillation is important in facilitating its use in low-resource devices. It enables running the 

models on platforms, including IoT devices, smartphones, and embedded systems. This is particularly 

significant in real-time applications where low latency and low power usage are significant. 

 

 
Fig 2. Inference Latency vs. Test Accuracy 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                                    © 2026 IJCRT | Volume 14, Issue 4 April 2026 | ISSN: 2320-2882 

IJCRT2604996 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org i548 
 

 
Fig 3. Distillation Loss per Epoch for Student Model 

 

 

 
 

Fig 4. Knowledge Transfer from Teacher to Student Model 
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Fig 5. Student Model Confusion Matrix 

V. CONCLUSION 

Knowledge distillation has also been found to be a useful technique in reducing the disparity between the 

highly complex models and environments with fewer computational resources. It improves model 

efficiency, reduces energy usage, and enables it to run on edge and low-resource devices without significant 

performance loss. 

Future studies can involve: 

• Enhancing the transmission of higher reasoning skills.  

• Combining distillation and methods like model pruning.  

Design approach: Developing techniques to suit very low-power and resource-constrained devices. 
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