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Abstract
Deep learning is a great success primarily because
it encodes large amounts of data and manipulates
billions of model parameters. Despite this, it
is challenging to deploy these cumbersome deep
models on devices with limited resources, such
as mobile phones and embedded devices, due
to the high computational complexity and the
amount of storage required. Various techniques
are available to compress and accelerate models for
this purpose. Knowledge distillation is a novel
technique for model compression and acceleration,
which involves learning a small student model from
a large teacher model. Then, that student network is
fine-tuned on any downstream task to be applicable
for resource-constrained applications. This paper
explores various state-of-the-art model compression
techniques, including knowledge distillation, for
compressing large deep neural networks to make
them deployable on resource-constrained devices.
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1 Introduction
In the 2012 ImageNet competition, the AlexNet model
outperformed all other models. It was inevitable that
neural networks would grow in popularity. Many
state-of-the-art benchmarks were surpassed by 2015.
Generally, neural networks can be applied to almost
any problem. The success of VGG Net further
demonstrated the benefit of using deeper models or
ensembles of models. Deep learning is a great success
primarily because it encodes large amounts of data and
manipulates billions of model parameters. Despite
this, it is challenging to deploy these cumbersome
deep models on devices with limited resources, such
as mobile phones and embedded devices, due to the
high computational complexity and the amount of
storage required. Despite the overwhelming success of
large-scale deep models, their massive computational
complexity and storage requirements make it difficult
for them to be deployed in real-time applications,
especially on devices with limited resources, such as
video surveillance [1] and other resource-constrained
embedded systems [2].

Geoffrey Hinton, Oriol Vinyals, and Jeff Dean
proposed a strategy in which shallow models
are trained under the guidance of pre-trained
ensembles. This process is called knowledge
distillation [3] because you are distilling knowledge
from a pre-trained model into a new model. Because
this seems like a teacher guiding a student, it can
also be referred to as teacher-student learning. Their
main goal was to see how well distillation works by
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training a neural network with two layers of 1200
linear rectified hidden units on all 60,000 training cases.
Beyond response-based approaches, feature-level
regularization has also been explored in the distillation
literature; for instance, wavelet-based distillation
leverages multi-scale structural constraints to enhance
image-to-image translation tasks [4]. Dropout is a
method of training an exponentially large ensemble
of models with similar weights. Aside from that, the
input images had jitters as large as two pixels in any
direction. There were 67 test errors with this net,
while 146 errors were achieved with a smaller net
with two hidden layers of 800 rectified linear hidden
units without regularization. However, if the smaller
net was regularized by adding the additional task
of matching the soft targets produced by the large
net at a temperature of 20, it achieved 74 test errors.
While the transfer set does not contain translations,
soft targets can still transfer much knowledge to the
distilled model, including information about how to
generalize from translated training data.

The other objective of their research was to examine
the effects of ensembling Deep Neural Networks
(DNN) acoustic models used in Automatic Speech
Recognition (ASR). They show that distillation
achieves the desired result of distilling many models
into one that works better than a model learned
directly from the same training data of the same
size. Since that paper, knowledge distillation
has recently gained more research interest [5].
Knowledge distillation systems have three key
components: knowledge, distillation algorithms, and
teacher-student relationship architecture. The basic
architecture of the knowledge distillation is given
in Figure 1. For students to learn in a knowledge
distillation process, types of knowledge, distillation
strategies, and teacher-student architecture are crucial.
The following subsections describe the different
categories of knowledge used in distillation.

For a vanilla knowledge distillation, a large deep
model’s logits are used as the teacher knowledge.
The different types of knowledge that can be distilled
from teacher to students are given by the following
subsections as [6].

Response-based Knowledge Distillation: A
response-based knowledge is a neural response
from the last output layer of a teacher model. A
teacher model is directly mimicked to produce a final
prediction. Response-based knowledge distillation
is simple yet effective for model compression and is

widely used for various tasks and purposes.
Representation-based Knowledge distillation: With
increasing abstraction, deep neural networks can learn
multiple levels of feature representation. The process
is called representation learning. In this manner, a
student model can be trained based on the output from
the last layer and the output from intermediate layers,
i.e., feature maps.
Relation-Based Knowledge Distillation:
Response-based and feature-based knowledge
are based on the outputs of specific layers in the
teacher model. A relation-based knowledge approach
further explores how different layers or data samples
are related.
After discussing various types of knowledge that can
be distilled from teacher to student, it is very important
to know the various types of knowledge distillation
modes, which are described as: Offline Distillation:
The whole training process thus has two stages: 1)
first, the large teacher model is trained on a set of
training samples before distillation; 2) the teacher
model extracts knowledge in the form of logits or
intermediate features, which are then used to guide
the distillation of the student model.
Online Distillation The research community has
increasingly focused attention on some issues in offline
distillation despite its simplicity and effectiveness.
Online distillation has been proposed to overcome
the limitations of offline distillation, especially when
obtaining a large-capacity, high-performance teacher
model is difficult [5]. Using online distillation,
the student and teacher models are updated
simultaneously, and the entire framework can be
trained from end to end.
Self Distillation: The teacher and student models
use the same networks during self-distillation. As
a special case of online distillation, this is possible.
A self-distillation method has been proposed in
which knowledge from deeper sections is conveyed
to shallower sections of the same network; this
intra-network transfer shares the spirit of feature-level
distillation methods that propagate structured
representations across different processing stages [4].

2 Resource Constrained Convolutional Neural
Networks

CNNs have remarkable success in computer vision
tasks; however, due to over-parameterization,
deploying them on resource-constrained devices

139



ICCK Transactions on Machine Intelligence

Figure 1. Generic framework of knowledge distillation.

remains challenging [7]. However due to
the over-parameterization of CNNS, they are
computationally intensive, limiting their practical
application to the resource-constrained environment.
Much research is on making these CNN models light
and sparse, such as quantization, weight multiplexing,
and mixed precision. All the techniques perform well
but face the serious limitation of reducing accuracy
while achieving the compression ratio. This issue has
gained more research interest, and novel compression
techniques for knowledge distillation exist for the
compression of CNN models. This technique makes
these models lightweight and sparse with minimal
accuracy drop, typically within 1–3% [8]. For instance,
recent work on object detection demonstrates up to
85% model size reduction and 6× inference speedup
on IoT hardware like Raspberry Pi using contrastive
KD [9].

A knowledge distillation process can transfer the
teacher’s knowledge from the teacher CNN model to
the smaller student CNN model by taking the original
huge model as the teacher model. This allows the
model to be compressed and sparse, making it feasible
in resource-constrained environments.

3 Major Limitations of Neural Networks
(NNs)

It is important to note that even though neural
networks are highly powerful, they have several
limitations. A large amount of labelled data is often
required for efficient training, and high-performance
hardware is often required. Interpretability of neural

networks continues to be challenging, as they often
appear as black boxes without transparency in their
decision-making.
There is a risk that neural networks will not be robust,
and deployment may require significant computer
resources. Additionally, training data biases can
result in biased models, and hyper-parameter tuning
is a highly sensitive process. Whenever it comes
to image-related problems, CNN is the go-to model.
When it comes to accuracy, they are miles ahead of
the competition. Various other applications are also
possible using it, including recommendation systems,
natural language processing, and more.
With CNN, unlike its predecessors, essential
features are detected automatically without human
intervention. In one example, it learns to distinguish
between these characteristics by looking at many
images of cats and dogs. Additionally, CNN is
computationally efficient. It performs parameter
sharing and uses special convolution operations and
pooling operations. It allows CNNmodels to run on
any device, which makes them universally appealing.
Despite its remarkable success, CNN has become a
universally accepted model for computer vision tasks.
CNNs face critical limitations, including their inability
to encode positional relationships between interrelated
features. It is necessary to use extensive filters to
encode the combination of these features. An example
might be that large filters are necessary to encode
"eyes above the nose and mouth." Therefore, CNN
does not consider the inter-relationship between the
features, which degrades its performance compared
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to more powerful deep learning models such as
transformers. Large receptive fields are required for
long-range dependency tracking within an image.
Expanding the convolution kernels increases the
network’s representational capacity and reduces the
efficiency of the computations and statistics obtained
using local convolutions.
Self-Attention modules It is a type of attention
mechanism in which CNNs can help model
long-range dependence without compromising
computational and statistical efficiency. This module
is complementary to convolutions and helps model
long-range, multi-level dependencies across regions
of an image. Self-attention involves every sequence
element interacting with one another to determine
who they should pay more attention to. This way,
“long-term” information and dependencies between
sequence elements can be captured.
Self-attention has thus been shown to effectively
resolve some of the limitations of convolutional
networks [10]. The Transformers model, which is
based on attention rather than CNN, may be able to
replace CNNs, mainly known as vision transformers,
completely.

4 Brief Introduction to Revolutionary Deep
Learning models “Transformers"

Transformers are dominant sequence transduction
models, including encoder and decoder neural
networks based on recurrent or convolutional neural
networks. In addition, the best models incorporate
an attention mechanism to connect the encoder and
decoder. With attention mechanisms, dependencies
can be modelled without considering their distance
from the inputs and outputs of a task. Self-attention,
or intra-attention, is a mechanism by which different
positions of a single sequence are related to computing
a representation. Although self-attention has been
successfully applied to various tasks including reading
comprehension, abstract summarization, and text
entailment, deploying such computationally intensive
transformer models on resource-constrained edge
devices remains a significant challenge [10].
The Transformer is the first transduction model to
rely exclusively on self-attention to represent input
and output without using sequence-aligned RNNs or
convolution. Building on the self-attentionmechanism,
the most competitive neural sequence transduction
models typically employ an encoder-decoder
structure.

An encoder maps a sequence of symbol
representations (x1, .., xn) to a sequence of continuous
representations (z1, .., zn). Based on z, the decoder
generates an output sequence (y1, ..., ym) of symbols
over time. Model steps are auto-regressive, consuming
previously generated symbols as input for the next
step. As shown in Figure 2, the Transformer
architecture employs stacked self-attention layers and
fully connected layers in both the encoder (left) and
decoder (right).

Figure 2. Generic framework of Transformer.

However, Transformer architecture remains limited in
its applications to computer vision despite its de facto
status as the standard for natural language processing.
It is used either to replace components of convolutional
networks while keeping their overall structure intact
or to use attention in conjunction with convolutional
networks. Dosovitskiy [11] demonstrated that a
pure transformer applied directly to sequences of
image patches can perform very well on image
classification tasks; however, such Vision Transformer
models require pre-training on large-scale datasets
and substantial computational resources, further
motivating the need formodel compression techniques
for resource-constrained deployment. The Vision
Transformer (ViT) achieves excellent results compared
to state-of-the-art convolutional networks when
trained on large quantities of data and transferred
to multiple mid-sized or small image recognition
benchmarks (ImageNet, CIFAR-100, VTAB, etc.). It
requires significantly fewer computational resources
to train than state-of-the-art convolutional networks.

5 Open Challenges in Transformers
Despite enabling sample-efficient learning,
Transformers may have lower performance ceilings
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Figure 3. Solutions for deployment of ML models on resource constrained environment.

due to their inherent inductive biases. Recent
studies have shown that Vision Transformers (ViTs)
outperform CNNs for classifying images using
self-attention layers. Their cost is increased by the
time and effort required for pre-training on large
external datasets and distillation from pre-trained
convolutional networks. Even sequential tasks require
very large datasets to train and are computationally
very heavy. The large memory, energy power, and
computational requirements of transformer models
demand high-performance computing systems
(HPCs).

Another major limitation of deep learning models,
such as CNNs and transformers, is that they are heavily
over-parameterized and need a lot of computation and
memory resources. These requirements limit their
applications in resource-constrained environments
such as deploying IoT and embedded devices. It has
gained much attention, and exhaustive research is
going on to reduce the model size to make it feasible
for such environments. This is an open challenge to be
researched at the current time.

6 Suggested Solutions To Mitigate the
Challenges

The taxonomy of suggested solutions is illustrated by
Figure 3.

6.1 High-performance computing HPC
Engineering is always looking for ways to optimize
existing hardware features for maximum power
and performance at the lowest cost. The process
is accomplished through system engineering and
software optimization. A high-performance computer
(HPC) processes data and rapidly performs complex
calculations. In terms of performance, a laptop or
desktop with a 3 GHz processor can perform around
3 billion calculations per second. Compared with
HPC solutions capable of performing quadrillions of
calculations every second, that’s much faster than
any human can achieve. A supercomputer is one
of the most famous types of HPC solutions. A
supercomputer’s task is accomplished by thousands of
computing nodes working in conjunction with one
another. In this case, parallel processing is used.
Distributed computing systems are like thousands of
computers networked to speed up work.

With advances in technology such as the Internet
of Things (IoT), artificial intelligence (AI), and 3-D
imaging, the size and amount of data organizations
have to deal with are growing exponentially.
Real-time processing is essential for many purposes,
including streaming a live sporting event, tracking
the development of a storm, testing new products,
or studying stock market trends. For organizations
to stay competitive, IT infrastructure that processes,
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stores, and analyzes vast amounts of data must be
lightning-fast and reliable. The threemain components
of HPC solutions are computing, network, and storage.
Using clustering technology, high-performance
computing can be built by connecting compute servers.
Multiple software programs and algorithms are
running simultaneously on clustered servers. The
cluster is networked to the data storage system to
capture the output. Each component works seamlessly
with the others to accomplish various tasks.

Every component must keep pace with the others to
function at maximum efficiency. Storage components
must be able to feed and ingest data to and from
compute servers as quickly as processing takes place.
In addition, the networking components must be able
to move data between compute servers and storage
at high speeds. The HPC infrastructure will perform
poorly if one component cannot keep pace with the
rest. While HPC infrastructure supports the training of
large deep learning models, the resulting models must
subsequently be compressed and optimized—through
techniques such as knowledge distillation, pruning,
and quantization—before they can be deployed on
resource-constrained IoT devices [2].

6.2 Pruning
Deep learning has attained remarkable success
across a range of applications, including computer
vision, machine translation, voice recognition,
and language understanding, often surpassing
human-level performance. However, deploying deep
neural networks (DNNs) in real-world applications
necessitates not only high accuracy but also efficiency
in terms of latency and energy consumption. This need
has led to the development of model compression
techniques, which aim to reduce the size and
computational requirements of DNNs without
significantly compromising their performance. Two

primary techniques used for model compression are
pruning and quantization. A comprehensive survey
of both pruning and quantization methods and their
roles in accelerating deep neural network inference is
provided in [21].
Pruning is a widely used technique in neural networks
that entails the removal of unnecessary or less critical
weights, thereby decreasing the model’s size and
the number of operations needed during inference.
This results in a reduction in latency and energy
consumption. There are two primary approaches to
pruning:
Individual weights pruning: Individual weights
pruning involves identifying and removing the
least significant weights in the network, with
recent approaches employing adversarial strategies to
maintain representational capacity during the pruning
process [22].
Group weights pruning: Group weights pruning, on
the other hand, entails removing entire groups of
weights, such as neurons, channels, or even layers,
which can lead tomore efficient utilization of hardware
accelerators and increased computational efficiency.
Techniques for group weights pruning can be found in
recent works on structured sparsity [21]. By reducing
the number of active weights, pruning can significantly
decrease the memory footprint of the network and the
number of computations required during inference
[23].

6.3 Quantization
Quantization is a technique that reduces the precision
of the weights and activations in a neural network by
using lower bit-width representations, such as 8-bit
integers. This approach results in two main benefits:
memory savings, as lower bit-width representations
require less storage, and reduced computation, as

Table 1. Summarised pre-trained and distilled transformer models, including BERT and RoBERTa as baselines without
knowledge distillation.

Distilled Model Size (millions) Training Time Performance Data KD Method Employed
BERT [12] Base: 110 Large:

340
Base: 16 TPU Chips 4 days; Large: 64
TPU Chips 4 days

Outperforms
state-of-the-art

16 GB BERT data BERT (MLM and NSP)

RoBERTa [13] Base: 110 Large:
340

Large: 1024 V100 1 day Surpasses BERT on
GLUE

160 GB BERT without NSP

DistilBERT [14] Base: 66 – 77.0 (3% drop vs. BERT) 16 GB BERT data BERT Distillation
TinyBERT [15] 14.5 Speedup = 9.4X 77.0 GLUE [16] Attention-based
BERT-PKD (6-layer)
[17]

67.0 Speedup = 2.0X 81.5 GLUE Multi-layer distillation

KroneckerBERT [18] ∼14.3 – – GLUE Kronecker decomposition with
KD

Pruning-KD
Transformer [19]

15.1 – 77.0 GLUE Structured pruning with KD

BERT-Pruned
(CNN-style) [20]

52.2 Speedup = 3.0X 72.6 GLUE CNN-like pruning with
quantization

DistilBERT-6 [14] 67.0 Speedup = 3.0X 76.8 GLUE Response-based
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operations on lower bit-width data types are faster
and consume less power. Quantization techniques
can be categorized into two types: quantization-aware
training (QAT) and post-training quantization
(PTQ); post-training approaches such as multi-bit
quantization have demonstrated strong performance
without retraining [24]. QAT involves simulating
quantization effects during training, allowing the
model to learn to compensate for the reduced precision.
This often results in higher accuracy compared to
PTQ. PTQ applies quantization to a pre-trained model
without retraining and is faster and more convenient,
making it particularly beneficial for large language
models or scenarios where fine-tuning is impractical
[25].

6.4 Ensemble of Pruning and Quantization
Enhancing the efficiency of models by reducing
their size is achieved by combining pruning and
quantization. This can be accomplished through
fine-tuning with pruning in the loop, which integrates
pruning into the training process, allowing the model
to adapt to the pruned structure. Alternatively,
post-training pruning can be used, which prunes
the model after it has been fully trained, making it
more suitable for deployment on resource-constrained
environments. To make full use of the benefits of
these optimizations, specialized hardware support is
required [26].

6.5 Knowledge Distillation
The first section of the paper gives an introduction
to knowledge distillation. We have different ways of
distilling knowledge from teacher to student. We can
either use homologous knowledge distillation
techniques or cross-architectural knowledge
distillation.
In homologous knowledge distillation, we can have a
deeper CNNmodel as a teaching model and a shallow
CNN network as a student model. Suppose we can
use ResNEt-101 as a teacher model responsible for
disseminating knowledge. The Resnet 50 model can be
taken as a student model for mimicking the knowledge
from the teacher model. It could be from CNN-CNN
or Transformer to Transformer.
Through the cross-architectural knowledge
distillation technique, we can have a heterogeneous
architecture. It could be from CNN-Transformers
or Transformer-CNNs. There is a large architectural
gap between the teacher and the student model.
So, distilling and mimicking knowledge in such a

heterogeneous environment is an open research
problem that needs to be researched.
Much research is currently on knowledge distillation
techniques for compressing deep learning models,
particularly deep CNNs and transformers, to
make them deployable in resource-constrained
environments such as IoT devices [27]. A
comprehensive perspective on making such deep
learning models smaller, faster, and more efficient for
practical deployment is provided in [8]. The summary
of various distilled or compressed versions of the
transformer models using the knowledge distillation
technique is summarized in Table 1.

6.6 Transition to Spiking Neural Networks (SNNs)
for Energy and Power Efficiency

The spiking neural network (SNN) is distinguished
by its extremely low power consumption, making
it appealing for implementing edge intelligence
in resource-limited environments. The idea of
merging artificial intelligence (AI) with edge
computing, often referred to as edge intelligence,
has garnered considerable interest from researchers.
Edge intelligence aims to shift the workload of AI
algorithms from centralized servers to network edges,
resulting in reduced processing delays and required
bandwidth.
This approach could benefit a multitude of
applications, ranging from autonomous driving
to video surveillance. However, implementing edge
intelligence presents significant challenges, primarily
due to the limited computational power and restricted
battery life of edge devices. Moreover, as network
architectures continue to scale, deploying largemodels
onto edge devices becomes impractical. Therefore, it
is crucial to explore energy-efficient neural network
(NN) models that support the use of edge intelligence.

Unlike distributed CNN inference frameworks
deployed on resource-constrained devices [28],
spiking neural networks (SNNs) have emerged
as a promising energy-efficient alternative for
achieving low-power edge intelligence. SNNs process
information through binary spike trains, which consist
of sequences of action potentials or “spikes” generated
by neurons. This spike-based computing approach
results in high energy efficiency and always-on
operation, making SNNs particularly suitable for
resource-constrained edge devices. Due to these
desirable properties, SNNs have gained extensive
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Figure 4. Overview of knowledge translation.

attention from both academia and industry. Recently,
distributed SNNs have been introduced to address
the need for integrating information from multiple
sources, with sensors and processors located in
different places.
This distributed computing paradigm can utilize idle
computation resources and enhance communication
efficiency through collaboration, enabling the
development of large-scale neural networks.
Additionally, SNNs are well-suited for distributed
deployment because spiking neurons are event-driven
and generate minimal amounts of data, which can
significantly reduce communication costs, especially
in wireless environments. SNNs offer promising
low-power solutions for edge intelligence, with their
event-driven and energy-efficient characteristics
making them well-suited for applications such as
security alarms, environmental monitoring, and
healthcare [29]. It is believed that such a distributed
neuromorphic computing paradigm will contribute to
realizing the full potential of edge AI systems.
Among all the techniques or solutions discussed
in above sections, Knowledge distillation, or KD,
is widely viewed as an effective technique for
compressing models. In this process, a smaller,
student model is trained with the guidance of a
larger, pre-trained teacher model or an ensemble of
models. Numerous strategies have been proposed
since the original concept, which mimic various
aspects of the teacher, such as its representation space,
decision boundary, or intra-data relationships. Some
methods replace the traditional one-way knowledge
distillation from a static teacher with collaborative
learning involving a group of students. Despite recent
progress, there is still a lack of clarity regarding where

knowledge is stored within deep neural networks and
the optimal method for capturing and transferring
knowledge from the teacher to the student remains
an open question.
Knowledge distillation involves transferring
knowledge from a large pre-trained teacher model
to a smaller, untrained student model. The goal is to
align the outputs of the teacher and student models
to facilitate the transfer of knowledge, which leads
to improved performance for the student model.
Initially, this knowledge transfer occurs in the form
of logits, but it can also take other forms, such as
layer-wise features and cross-layer features. However,
it is important to note that knowledge distillation is
not limited to any specific architectural requirements
between the teacher and student models. Despite this,
it does require a higher training overhead since the
student model must be trained anew.

6.7 Knowledge Translation (KT)
Rather than attempting to translate the entire model,
another alternative is to focus on translating specific
components, such as a large intermediate block within
a network, into a smaller intermediate block. The
process consists of three main stages: generating the
input data (Step 1), creating the target data (Step 2),
and training the knowledge translation model (Step
3), as depicted in Figure 4 [30].

7 Conclusion and Future Scope
This article investigates the process of knowledge
distillation, which involves transferring knowledge
from larger, complex teacher models to smaller,
efficient student models using different distillation
algorithms. We discuss the architecture of these
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models for both sequence-to-sequence and computer
vision applications, focusing on techniques such as
pruning and quantization that help reduce model size
and computational requirements. The paper explores
the challenges of maintaining performance while
optimizing models for resource-limited environments
like IoT and embedded devices.
We further provide a comprehensive table
summarizing key distilled models suitable for
mobile and embedded platforms, highlighting
their performance, size, and speed improvements.
Key challenges are identified and open research
opportunities are proposed, particularly focusing on
maintaining accuracy while reducing model size and
computational demands through techniques such
as pruning and quantization for IoT and embedded
device deployment.
Future Scope: Augmentation techniques can
be employed to introduce inductive bias into
transformers to enhance their performance. By
utilizing hybrid parallelism that combines data and
model parallelism, both CNNs and transformers
can meet their computational requirements and
improve inferences. Attention mechanisms can be
integrated into CNNs to make them more robust
models. Additionally, regularization methods can be
developed to refine the transformers’ inductive bias,
making them both more sparse and lightweight.
Future research can also concentrate on creating
adaptive learning rates and dynamic neural
architectures that adjust based on the task’s complexity,
as well as examining federated learning to enhance
model performance while safeguarding data privacy
in distributed environments.
From the comparison Table 1, it is clear that
attention-based knowledge-based methods perform
well when implemented on the same data set as GLUE.
Attention-distilled models dramatically reduce the
number of parameters with minimal performance
degradation.
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