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Abstract: Knowledge distillation has emerged as a pivotal technique for optimizing large language models (LLMSs) across diverse
applications, enabling efficient knowledge transfer, model compression, and improved task performance. This review
systematically explores advancements in knowledge distillation methodologies applied to LLMs, covering a broad spectrum of
research areas, such as federated learning, multimodal Al, neural machine translation, and domain-specific applications, such
as biomedical NLP and autonomous driving. Key contributions include novel frameworks such as PRADA for reasoning
generalization, TAID for adaptive distillation, and EchoLM for real-time optimization. Comparative studies highlight the trade-
offs between accuracy, computational efficiency, and scalability in approaches such as LoRA-based fine-tuning and parameter-
free pruning. This review also identifies critical challenges, including robustness in real-world settings, managing adversarial
attacks, and mitigating knowledge homogenization. Future directions emphasize the expansion of multimodal capabilities,
improvement of multilingual support, and integration of reinforcement learning for dynamic adaptability. This comprehensive
analysis provides valuable insights into the evolving landscape of knowledge distillation techniques, paving the way for more
efficient and versatile LLM applications across industries.

Keywords: Knowledge Distillation (KD), Large Language Models (LLMs), Model Compression, Federated Learning,
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L. INTRODUCTION

Large Language Models (LLMSs) have revolutionized artificial intelligence, enabling significant advancements in natural language
processing (NLP), multimodal Al, and domain-specific applications. However, the increasing size and complexity of LLMs present
challenges in terms of computational efficiency, scalability, and deployment in resource-constrained environments such as edge
devices. Knowledge distillation has emerged as a promising solution to address these limitations by transferring knowledge from
larger and more complex models (teacher models) to smaller and more efficient models (student models). This technique facilitates
model compression while preserving accuracy and improving task performance. This review aims to provide a comprehensive
analysis of the latest advancements in knowledge distillation techniques applied to LLMs. The scope of this study spans diverse
research areas, including federated learning, multimodal Al, neural machine translation (NMT), biomedical NLP, autonomous
systems, and e-commerce optimization. By synthesizing the findings of assorted studies, this paper highlights state-of-the-art
methodologies, identifies existing challenges, and explores future directions for enhancing knowledge distillation frameworks.

A. Research Objectives

The primary objectives of this review are as follows:

1) To examine the efficiency and effectiveness of various knowledge distillation techniques across different domains.

2) The trade-offs between model accuracy, computational efficiency, and scalability were analyzed.

3) To identify gaps in the current methodologies and propose future research directions for optimizing LLMs through distillation.

B. Key Contributions

This study explores several innovative frameworks and approaches that leverage knowledge distillation for specific applications:

1) Federated Fine-Tuning: Techniques such as KD-FedLLMs and split-FedLLMs optimize collaborative learning while addressing
privacy concerns.

2) Multimodal Al: Methods such as DiMA distill multimodal LLMs into domain-specific models for autonomous driving and
robotics applications.
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3) Domain-Specific Optimization: Frameworks such as KAILIN refine dataset curation for biomedical NLP tasks using
hierarchical knowledge structures.

4) Real-Time Serving: EchoLM introduces adaptive caching strategies to reduce latency in dynamic applications, such as e-
commerce search optimization.

5) Low-Resource NLP: Multi-granularity distillation approaches improve performance in low-resource language tasks, such as
named entity recognition (NER) and neural machine translation.

C. Challenges in Knowledge Distillation

Despite its potential, knowledge distillation faces several challenges:

e Robustness: Ensuring model performance in real-world scenarios with noisy or adversarial data remains an unresolved issue.
o Knowledge Homogenization: Excessive distillation may lead to the loss of nuanced information and reduced model diversity.
e Scalability: Techniques must be adapted for large-scale models and multimodal tasks.

e Privacy Concerns: Data-free distillation methods require further exploration to address privacy-sensitive applications.

D. Future Directions

To overcome these limitations, future research should focus on the following:

Expanding multimodal capabilities by seamlessly integrating text, vision, audio, and other modalities.

Enhancing multilingual support for low-resource languages through adaptive distillation mechanisms.

Leveraging reinforcement learning for dynamic adaptability in real-time applications.

o Exploring privacy-preserving techniques, such as data-free knowledge distillation, for sensitive domains.

By providing a detailed overview of the current landscape of knowledge distillation techniques for LLMs, this review serves as a
foundational resource for researchers and practitioners aiming to optimize LLMs for diverse applications while addressing
scalability, robustness, and efficiency challenges.

1. LITERATURE REVIEW
Knowledge distillation has emerged as a pivotal technique for optimizing Large Language Models (LLMs) and enhancing their
efficiency, scalability, and performance across diverse applications. This review synthesizes the current state-of-the-art knowledge
distillation methods, addressing areas such as federated learning, multimodal Al, neural machine translation, domain-specific
applications, and real-time optimization.

A. General Knowledge Distillation Techniques

Knowledge distillation aims to transfer knowledge from a large teacher model to a smaller student model, thereby reducing the
computational overhead while maintaining performance. Recent advancements include the use of reverse Kullback-Leibler
divergence in MiniLLM to improve student model calibration and long-text generation performance. Surveys on KD techniques
emphasize their role in compressing LLMs while retaining their generative capabilities. IBM highlights KD’s importance in
democratizing generative Al by enabling smaller models to inherit reasoning and alignment capabilities from larger ones.[1-7]

B. Federated Learning and Fine-Tuning

In federated learning scenarios, knowledge distillation optimizes LLMs in decentralized settings, preserving data privacy while
reducing communication overhead. Prior studies have compared federated fine-tuning frameworks, such as FedLLMs, KD-
FedLLMs, and split-FedLLMs, and evaluated their efficiency based on model accuracy, communication overhead, and
computational load. KD-FedLLMs transfer knowledge from a global teacher model to local student models, thereby enhancing the
performance of federated learning. The existing literature suggests that empirical validation with real-world datasets and
examination of adversarial attacks on federated fine-tuning for enhanced robustness are crucial. Future research directions include
exploring multimodal support for federated LLMs and continuous learning for adaptation to evolving data distributions.

Optimizing language models for grammatical acceptability also benefits from fine tuning. Research has compared Vanilla Fine-
Tuning (VFT), Pattern-Based Fine-Tuning (PBFT), and Low-Rank Adaptation (LoRA) using the CoLA dataset. The results indicate
that LoRA significantly reduces memory and computation while maintaining high accuracy. Future work could extend LoRA-based
optimization to multilingual grammatical acceptability tasks and real-world text-correction applications. [7-9]
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C. Multimodal Al and Autonomous Systems

Knowledge distillation is critical for multimodal Al, especially in autonomous systems, as it enables efficient knowledge transfer
from larger multimodal models to smaller, more deployable systems. For example, DiMA distills knowledge from multimodal
LLMs into a vision-based planner for efficient autonomous driving, reducing trajectory errors and collision rates, while enabling
robust decision-making in long-tail scenarios. Future research will involve applying these techniques to other robotics applications,
such as autonomous drones or robotic navigation in warehouses.

To address data scarcity in educational settings, researchers have augmented human-annotated datasets with LLM-generated data to
train classifiers in open-response assessments. In the hybrid approach, a BERT model is fine-tuned using both real and synthetic
data. This method can be extended to other NLP tasks, such as automated essay grading and sentiment analysis in student feedback,
further validating the utility of LLM-generated data. [10-12]

D. Reasoning and Generalization

Enhancing generalization in chain-of-thought (CoT) reasoning for smaller models is another significant area. The PRADA
framework employs adversarial fine-tuning and domain-adaptive CoT prompt engineering to improve reasoning generalization in
smaller LLMs. Future directions include applying PRADA to multimodal CoT reasoning and integrating it with reinforcement
learning to improve adaptability.[13-14]

E. Transparency and Quantification

Quantifying the effects of distillation on LLMs is critical for transparency, allowing for a better understanding of how knowledge is
transferred and potentially altered during this process. Frameworks have been proposed for evaluating LLM distillation by
quantifying identity cognition contradictions and analyzing response similarities, highlighting the impact of excessive distillation on
knowledge homogenization.[15-16]

F. Real-Time Optimization and Serving

Optimizing LLMs for real-time applications involves reducing the latency and computational costs during model serving. For
example, EchoLM is an in-context caching system that reuses historical LLM responses. Expanding EchoLM to multimodal LLM
applications and integrating reinforcement learning for dynamic adaptation could improve the efficiency and scalability of real-time
LLM applications.[17-18]

G. Recommender Systems and Graph Processing

LLMs are increasingly used in recommender systems to guide reinforcement learning-based methods. The interaction-augmented
learned policy (iALP) utilizes LLMs to guide RL-based recommendation systems using adaptive fine-tuning mechanisms to manage
distribution shifts. Future work involves extending iALP to online learning-based Al-driven assistants and incorporating user
feedback in real-time.[19]

GraphSOS enhances LLMs' understanding of graphs by LLMs by refining the serialization order and structured subgraph sampling,
thereby improving performance on graph-related tasks. Applying GraphSOS for knowledge graph completion, biomedical networks,
and multimodal graph analysis presents promising avenues for future research.[20]

H. Domain-Specific Applications

In biomedical NLP, frameworks such as KAILIN leverage the MeSH knowledge hierarchy to refine dataset curation for domain
LLM training. Future work includes expanding KAILIN to fields such as legal Al, climate science, and social sciences, and
integrating it with interactive Al-based clinical decision-making systems.

The scaling of large vision-language models for enhanced multimodal comprehension in biomedical image analysis is also under
investigation. Fine-tuning LLaVA models on biomedical datasets with image-text pairs improve domain-specific comprehension for
visual question answering (VQA) tasks. The application of fine-tuned VLMs to broaden medical imaging domains, integration of
real-time clinical decision support, and exploration of multimodal fusion techniques are areas for future exploration.

In networking, distilled LLM frameworks, such as AQM-LLM for network congestion control, leverage speculative decoding and
reinforcement learning for packet management. Extending AQM-LLM to 5G/6G networks and cloud-based SDN environments
presents valuable future opportunities.[21-23]
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I.  Knowledge Transfer Techniques

Novel distillation methods, such as TAID, dynamically interpolate teacher and student distributions over time, mitigating mode
collapse and capacity gaps in distillation. Extending TAID to multimodal tasks and improving its scalability for on-device Al
applications can further enhance its utility.

Parameter-free pruning techniques are being explored to compress distilled language models, focusing on identifying and removing
less-important parameters without retraining. Expanding the pruning techniques to multimodal LLMs and integrating them into real-
time deployment scenarios would be beneficial.[24-25]

J.  Low-Resource Scenarios and Data Augmentation

In low-resource scenarios, knowledge distillation transfers knowledge from high-resource to low-resource language models,
combined with data augmentation techniques to improve NER performance.

Applying this approach to other low-resource NLP tasks and exploring cross-lingual knowledge transfer methods can further
improve performance.[26-27]

K. Abstractive Summarization and Query Optimization

Boosting factual completeness in abstractive summarization via knowledge distillation involves transferring knowledge from
models trained on factual datasets. Integrating external knowledge sources during distillation and applying the technique to other
text-generation tasks are promising future directions.

Hybrid frameworks that combine offline knowledge distillation with online reinforcement learning for query rewriting optimize e-
commerce search queries. Extending conversational search models and integrating them with Al-driven recommendation systems
could further optimize search results.[28-29]

L. Robust Training and Multi-Granularity Learning

Mini-batch construction methods improve the efficiency and robustness of LLM distillation by carefully selecting and grouping the
training examples.

Applying these methods to other model compression techniques and exploring their use in federated learning settings are areas that
require further investigation. Multi-granularity knowledge distillation transfers knowledge from a teacher NMT model to a student
model at diverse levels of granularity. Integrating adaptive distillation strategies based on input characteristics and applying this
approach to other sequence-to-sequence tasks could further improve performance.[30]

M. Data-Free Learning and Adversarial Training

Data-free knowledge distillation transfers knowledge from a pretrained language model to a smaller model without using any real
training data. Extending this method to other modalities and exploring its use in privacy-sensitive applications presents valuable
research opportunities.

The combination of knowledge distillation and adversarial training improves the robustness and accuracy of speech recognition
models. Applying this approach to other speech processing tasks and exploring its use in noisy environments could further enhance
its performance.

1. COMPARISON OF PAST RESEARCH WORK

This table provides a detailed summary and comparison of five pivotal research papers that have significantly advanced the field of
knowledge distillation for Large Language Models. The papers were strategically selected to represent the breadth and impact of
current research.

The selection covers a diverse range of key areas: a foundational distillation technique (MiniLLM), a critical application in privacy-
preserving federated learning, the transfer of complex cognitive reasoning (Chain-of-Thought), the application to cutting-edge
multimodal Al in autonomous driving, and the solution to practical deployment challenges in real-time optimization (EchoLM).
Together, these studies offer a comprehensive snapshot of the state-of-the-art, showcasing the evolution from core theory to
sophisticated, real-world applications.
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Table 1. Comparison of Published Research Paper

S.N Title of the | Author Publication | Objective Outcome Future Scope Limitation

0. Paper Details Year

1 MiniLLM: Gu, Y., Dong, | 2024 To propose a novel | The student model | Applying the technique | Effectiveness may vary
Knowledge L., Wei, F., & distillation method for | achieved better | across a wider range of | with different teacher-
Distillation  of | Huang, M. generative LLMs to | performance, superior | model architectures; | student architecture
Large Language improve the student | calibration, and enhanced | integrating it with other | pairings; primarily focused
Models model's  performance | long-text generation | compression  methods | on generative text tasks.

and alignment with the | capabilities compared to | like pruning.
teacher. baseline methods.

6 Federated Li, X., | 2023 To integrate | Successfully improved | Deployment in privacy- | Performance can be
Learning with | Huang, M., & knowledge distillation | communication efficiency | sensitive industries like | sensitive to non-1ID data
Knowledge Wei, F. into federated learning | and maintained model | healthcare and finance; | across clients; potential for
Distillation for to train LLMs on | performance in a privacy- | enhancing robustness | knowledge
LLMs decentralized data | preserving setup, enabling | against adversarial | homogenization from the

while preserving | collaborative training | attacks in a federated | global model.
privacy and reducing | without sharing raw data. setting.
communication costs.

9 Distilling multi- | Hegde, D., | 2025 To distill the | He distilled model showed | Extending the | The model's safety in
modal large | Yasarla, R., capabilities of a large, | improved efficiency and | framework to other | unforeseen edge cases
language Cai, H., Han, multi-modal model | robust performance in | robotic applications | requires extensive
models for | S, into a smaller, efficient | complex driving scenarios, | (drones, warehouse | validation; highly
autonomous Bhattacharyy model suitable for | making real-time, multi- | bots); improving | dependent on the teacher
driving. a, A, real-time decision- | modal reasoning on edge | performance in rare | model's quality.

Mabhajan, making in autonomous | devices more feasible "long-tail" scenarios.
S, .. & vehicles.
Porikli, F.

12 ""Enhancing Yin, M. J., | 2025 To transfer the | The smaller model showed | Applying the technique | The quality of the distilled
generalization Jiang, D., complex, step-by-step | significant improvement in | to distill other cognitive | reasoning is highly
in chain of | Chen, Y., reasoning (Chain of | solving complex reasoning | skills like planning; | dependent on the
thought Wang, B., & Thought) abilities | problems it was not | exploring multi-modal | coherence of the teacher's
reasoning  for | Ling, C. from a large teacher | explicitly  trained on, | reasoning distillation. thought process.
smaller LLM to a smaller | demonstrating successful
models"™ student ~model to | transfer of the reasoning

improve its | process.
generalization.

16 EchoLM: Yu, Y. Gan, | 2025 To reduce the latency | Achieved significant | Integrating the system | Benefits are most
Accelerating Y., Tsai, L., and computational cost | reduction in inference | with multi-modal LLMs; | pronounced for
LLM  Serving | Sarda, N., of serving LLMs by | latency for frequently | using reinforcement | applications with repetitive
with Real-time | Shen, J, using a dynamic, real- | occurring prompts, making | learning to dynamically | query patterns; less
Knowledge Zhou, Y., .. time distillation and | LLM applications more | adapt caching and | effective for highly novel
Distillation. & Culler, D caching system. responsive  and  cost- | distillation strategies. user inputs.

effective.

IV.  CONCLUSION
This comprehensive review systematically explores the dynamic and rapidly evolving landscape of knowledge distillation (KD) as a
cornerstone technique for optimizing Large Language Models (LLMs). By synthesizing findings from a broad spectrum of recent
research, this study confirms that KD is not merely a method for model compression but a versatile and powerful framework for
enhancing LLM efficiency, accessibility, and applicability across diverse and demanding domains.
Our analysis highlights several key points. First, the KD has proven to be indispensable for democratizing advanced Al capabilities.
Techniques such as those presented in MiniLLM and PRADA enable smaller, more computationally efficient "student™ models to
inherit the sophisticated generative and reasoning prowess of their larger "teacher™ counterparts. This makes it possible to deploy
powerful Al in resource-constrained environments, such as edge devices, without catastrophic losses in performance.
Second, the application of KD extends far beyond general NLP tasks to specialized and critical fields. We have examined its
successful integration into federated learning to address privacy and communication overhead, its role in multimodal Al for
autonomous driving systems, and its utility in improving factual accuracy for domain-specific tasks such as biomedical NLP and
abstractive summarization. Frameworks such as KAILIN and DiMA exemplify how tailored distillation strategies can address
unique real-world challenges.
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However, our review also highlights the persistent challenges that the field must address. Robustness against adversarial attacks, the
risk of knowledge homogenization, where nuanced information is lost, and ensuring scalability for the next generation of
multimodal models remain significant hurdles. Furthermore, as Al becomes more integrated into sensitive applications, developing
effective and truly data-free distillation methods is paramount for upholding privacy.

The future of knowledge distillation is bright and multifaceted. The trajectory of current research points to several promising
directions. There is a clear need to expand multimodal capabilities and create unified models that can seamlessly process and learn
from text, vision, and audio. Enhancing multilingual support, particularly for low-resource languages, is crucial for creating more
equitable Al. Finally, the integration of reinforcement learning will allow the development of dynamically adaptable models that can
learn and adjust in real time, paving the way for more intelligent and responsive systems.

In summary, knowledge distillation is a pivotal enabler of the ongoing evolution of large language models. By bridging the gap
between massive, resource-intensive models and practical, real-world applications, KD is set to unlock the next wave of innovation
in artificial intelligence, making it more efficient, accessible, and aligned with a wider range of human requirements.
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