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In this paper, we propose the Adaptive Knowledge-Guided Pruning Algorithm (AKGP),
a novel approach to model compression that enhances traditional pruning by
incorporating a dynamic, data-driven weight allocation strategy during knowledge
distillation. Unlike existing methods, such as the Geometric Median-based pruning
approach combined with knowledge distillation and quantization proposed. AKGP
dynamically balances the influence of teacher networks and real labels based on dataset
characteristics. This adaptive strategy ensures that pruned models achieve superior
accuracy even at high compression rates, while significantly reducing model size and
computational complexity. Experimental results on the CIFAR-10 dataset demonstrate
that AKGP achieves a model accuracy of 94% for ResNet 32 under a 50% pruning
ratio, surpassing the baseline and previous methods. This improvement opens new
possibilities for deploying deep learning models on resource-constrained devices such
as mobile and embedded platforms.
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1. Introduction these advancements come at a substantial
computational and memory cost. For example,

Deep learning has significantly transformed the
landscape of artificial intelligence, driving
advancements in fields such as computer vision,
natural language processing, and autonomous
systems. Models like ResNet [2], DenseNet [3], and
Swin Transformer [4] have demonstrated state-of-
the-art performance on a variety of tasks. However,

Swin  Transformer incorporates billions of
parameters, making it challenging to deploy such
models on resource constrained devices like mobile
phones, 0T platforms, or embedded systems. This
gap between model complexity and practical
deployability has spurred research into model
compression.
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Model compression techniques aim to reduce the
size and computational requirements of neural
networks while maintaining their accuracy. Among
the most widely studied approaches are network
pruning, quantization, and knowledge distillation.
Pruning involves eliminating less important
parameters or neurons to reduce model size [5].
Techniques like filter pruning [6] and geometric
medianbased pruning [7] identify redundant
features in neural networks to achieve compression
with minimal loss in accuracy. Quantization
reduces the precision of weights and activations,
such as converting from 32-bit floating point to 8 -
bit integers [8]. This approach significantly
decreases memory and computational demands,
although aggressive quantization can degrade
accuracy. Knowledge distillation, introduced by
Hinton et al. [9], complements these techniques by
transferring "dark knowledge" from a large teacher
network to a smaller student network, enabling the
latter to achieve comparable performance while
maintaining a reduced footprint.

Recently, Zhao et al. [1] proposed a method that
integrates pruning, quantization, and knowledge
distillation into a unified framework. By leveraging
geometric median-based pruning and trained
guantization, they achieved notable success in
compressing deep learning models while retaining
high accuracy on datasets like CIFAR-10.
However, their method employs static weight
allocation during knowledge distillation, where
fixed contributions are assigned to the teacher
network and real labels. This static nature limits the
adaptability of the framework, particularly for
datasets with varying distributions or complexities.
In this paper, we address these limitations by
introducing the Adaptive Knowledge-Guided
Pruning Algorithm (AKGP). AKGP incorporates a
dynamic, data-driven weight allocation mechanism
that adjusts the relative importance of the teacher
network and real labels during the knowledge
distillation process. Unlike static methods, this
adaptability ensures that AKGP effectively
transfers knowledge across diverse datasets,
enhancing accuracy and efficiency. By integrating
this dynamic mechanism with geometric median-
based pruning and quantization, AKGP achieves a
robust tradeoff between model size, computational
efficiency, and performance.

1.1 Challenges in Model Compression

The performance of deep learning models is often
tied to their scale. For instance, ResNet-50 [2]
achieves superior results compared to -earlier
architectures like AlexNet [10] due to its innovative
residual connections and deeper network structure.
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Similarly, DenseNet [3] utilizes densely connected
layers to enhance feature reuse, further improving
performance. However, the large number of
parameters in these models makes them unsuitable
for real-world deployment on resource-constrained
devices.

Pruning has emerged as a promising solution to
address this challenge. Early works, such as LeCun
et al.'s "Optimal Brain Damage" [5], introduced the
concept of pruning by removing unimportant
parameters  without  significantly  affecting
performance. Zhao et al. [1] extended this idea
using geometric median-based pruning, which
effectively identifies and removes less significant
filters. Despite their success, these methods rely on
static heuristics, such as filter norms, which may
not generalize well to datasets with diverse
characteristics.

Quantization provides another avenue for
compression by reducing numerical precision.
Techniques like int8 quantization [8] are widely
adopted for hardware acceleration due to their
ability to lower memory and computational
requirements. However, quantization often requires
careful balancing between efficiency and accuracy,
as aggressive quantization can adversely affect
model performance. Hardware-aware quantization
[11] optimizes the quantization process for specific
hardware architectures to mitigate these challenges.
Knowledge distillation [9] complements pruning
and quantization by transferring information from a
large, well-trained teacher model to a smaller
student model. This approach enables the student to
replicate the teacher's behavior while maintaining a
reduced size. Extensions such as multi-teacher
knowledge distillation [12] and high-rank feature
map distillation [13] have demonstrated the
versatility of this technique. However, existing
distillation frameworks often rely on fixed weights
for the teacher's outputs and real labels, which
limits their adaptability across diverse datasets.

1.2 Contributions of This Work

To address these limitations, the proposed AKGP
framework introduces several key innovations:

Dynamic Weight Allocation in Knowledge
Distillation: AKGP introduces a novel mechanism
that dynamically adjusts the weights assigned to the
teacher network and real labels during distillation,
ensuring effective learning across datasets with
varying complexities. Integration of
Complementary  Techniques: By  seamlessly
combining pruning, quantization, and knowledge
distillation, AKGP leverages the strengths of each
method to maximize model efficiency and
performance. Enhanced Accuracy and Efficiency:
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Experimental results demonstrate that AKGP
achieves a model accuracy of 94% on the CIFAR-
10 dataset for ResNet32 under a 50% pruning ratio,
surpassing the 93.28% accuracy achieved by Zhao
et al. [1]. Additionally, AKGP further reduces the
model size by 10%. Real-World Applicability:
With significant reductions in inference latency and
computational demands, AKGP facilitates the
deployment of high-performing models on
lowresource devices such as mobile phones and lIoT
platforms.

2. Related Work

The field of deep learning has witnessed
tremendous progress, with models achieving state-
of-the-art performance across various applications.
However, their increasing complexity has posed
significant challenges for deployment on resource-
constrained devices. To address these issues,
researchers have developed techniques such as
pruning, quantization, and knowledge distillation.
This section reviews the evolution of these
methods, their impact, and the limitations that
motivate our work.

2.1 Pruning Techniques

Pruning is a widely studied model compression
method that eliminates redundant parameters,
reducing network size and computational
complexity. LeCun et al. introduced Optimal Brain
Damage, which selectively removes unimportant
weights with minimal accuracy loss [5]. Structured
pruning methods, like filter pruning via geometric
median, have gained popularity due to their
hardwarefriendly implementations [7]. These
methods eliminate entire filters or channels,
simplifying model architectures and accelerating
inference. Anwar et al. employed evolutionary
strategies to rank and prune connections in
convolutional networks, showcasing improvements
in efficiency without significant accuracy
degradation [6]. He et al. further advanced pruning
techniques by utilizing geometric median to
identify ~ redundant  filters,  outperforming
conventional norm-based approaches [7]. Despite
these innovations, most pruning methods rely on
static heuristics, which limit their adaptability
across datasets with diverse characteristics.

2.2 Quantization Methods

Quantization reduces the numerical precision of
model weights and activations, transforming them
from  32-bit floating point to lower-bit
representations, such as 8 -bit integers [8]. This

1404

approach significantly reduces memory usage and
computational costs, making it a preferred choice
for edgedevice deployment. Jacob et al. developed
a quantization framework enabling efficient
integer-only inference, compatible with modern
hardware accelerators [8]. Furthermore, mixed-
precision quantization optimizes performance by
dynamically selecting precision levels for different
layers or hardware architectures [11].

Although quantization effectively reduces resource
consumption, it often leads to accuracy
degradation, especially in complex models. Zhu et
al. proposed unified int8 training strategies to
mitigate these challenges, improving the accuracy
of quantized networks [14]. To further enhance
efficiency, Han et al. combined quantization with
Huffman coding, achieving additional reductions in
memory usage and inference latency [15].

2.3 Knowledge Distillation

Knowledge distillation transfers knowledge from a
large, well-trained teacher model to a smaller
student model, enabling the latter to achieve
comparable performance with reduced complexity.
Hinton et al. introduced this concept, demonstrating
its ability to enhance model generalization [9].
Subsequent works have extended this technique,
including self-distillation [16] and multi-teacher
knowledge distillation [12], which improve the
robustness and generalization of student networks.
The integration of knowledge distillation with other
compression methods has gained traction. Zhao et
al. combined pruning, quantization, and knowledge
distillation into a single framework, achieving
notable success in compressing deep learning
models [1]. However, their method employs a static
weight allocation during knowledge distillation,
which limits its adaptability to datasets with
varying characteristics. This rigidity often results in
suboptimal performance for diverse tasks.

2.4 Combined Compression Techniques

Recent efforts have focused on integrating multiple
compression techniques to maximize efficiency and
performance. For instance, Lin et al's HRank
emphasizes using high-rank feature maps to guide
pruning [13], while Zhao et al. demonstrated the
potential of combining pruning, quantization, and
knowledge distillation [1]. These approaches
exploit the complementary strengths of individual
methods, yielding superior results in terms of both
model size and accuracy.

Despite the progress, current methods face
limitations when  subjected to aggressive
compression.  Their  static nature  restricts
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adaptability,  particularly  during  knowledge
distillation. Adaptive mechanisms, such as dynamic
weight allocation, have been proposed to address
these shortcomings but remain underexplored in
integrated frameworks.

2.5 Motivation for This Work

The reviewed literature highlights the impressive
advancements in model compression techniques.
However, several limitations persist, particularly in
the methods proposed by Zhao et al. [1]. While
their approach effectively combines pruning,
guantization, and knowledge distillation, the static
weight allocation during knowledge distillation
restricts its flexibility and generalization across
diverse datasets. Additionally, static heuristics in
pruning limit their adaptability, often leading to
suboptimal compression decisions.

To address these gaps, our work introduces the
Adaptive Knowledge-Guided Pruning Algorithm
(AKGP). AKGP employs a dynamic, data-driven
weight allocation mechanism during knowledge
distillation, allowing the framework to adapt to
dataset-specific characteristics. By integrating this
mechanism with geometric median-based pruning
and guantization, AKGP overcomes the limitations
of static methods, delivering superior performance,
reduced model size, and improved inference
efficiency. These advancements enable efficient
deployment of deep learning models in resource
constrained environments, addressing critical
challenges in the field.

3. Proposed Methodology: Knowledge
Guided Pruning Algorithm (AKGP)

The  Adaptive  Knowledge-Guided  Pruning
Algorithm (AKGP) addresses the shortcomings of
existing model compression methods by integrating
geometric  median-based  pruning,  integer
quantization, and a novel dynamic weight
allocation mechanism for knowledge distillation.
This section details the framework, underlying
mathematics, and operational workflow of AKGP.
The following Figure 1 shows the workflow of the
proposed framework

3.1 Framework Overview

AKGP operates in three key stages:

1.Geometric Median-Based Pruning: Reduces
model size by removing redundant filters from
convolutional layers.

2.Quantization: Lowers the numerical precision of
weights and activations for efficient deployment.
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3.Dynamic Knowledge Distillation: Balances the
contributions of soft teacher outputs and true labels
during training, dynamically adapting to dataset
characteristics.

3.2 Geometric Median-Based Pruning

Pruning identifies and removes redundant filters
while preserving the core representational capacity
of the model. Filters that contribute minimally to
the feature map are pruned using geometric median
analysis.

Let the output of the
represented as:

Hth convolutional layer be

Fl = {f1’f2’ "'!fk}

where B, /i € B represents the B-th filter, and @ is
the total number of filters in layer &.

The geometric median E&@ of the filters is calculated
as:

k
GM(F) = arg min > IIf; = gll.,
gER =

which minimizes the sum of distances between the
filters and the geometric center &.

A fiter f. is pruned if:

Ifi =GM(F)llz <7
where @ T is a predefined pruning threshold. This
method ensures that only redundant filters with
minimal impact on the feature space are removed.

Following pruning, the model is retrained to
recover potential accuracy loss.

3.3 Quantization

Quantization reduces the bit precision of weights
and activations, enabling efficient deployment on
low-resource devices. In AKGP, 8-bit integer
guantization (int8) is employed. For a weight up,
quantization is defined as:

w =|w-Q],

where Q is a scaling factor derived from the range
of @, and Quw and W represents the quantized

weight. To minimize quantization error, the
following optimization is applied during retraining:
Lquant = ||W - W ”%
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where 8" and W are the original and
guantized weight matrices, respectively.
Quantization benefits include:

1. Significant reduction in memory footprint.

2. Compatibility with edge hardware (e.g., ARM
processors, FPGAS).
Minimal  computational
inference.

3. overhead  during

3.4 Dynamic Knowledge Distillation

Knowledge distillation transfers knowledge from a
pre-trained teacher network (T) to a student
network (S) by aligning their output distributions.
The loss function combines soft labels from the
teacher and hard labels from the ground truth:
Lgp =a(t) Lyg +B() Liye-
o Soft Labels: The teacher network produces
probabilistic outputs:
ZT
pr = Softmax (?)
where B ~* are the logits from the teacher, and T@
is the temperature parameter. The loss for soft

labels is:
Z prlogps

where BC is the number of classes, and B is the
softmax output of the student network.
o True Labels: The cross-entropy loss for ground

truth labels is:
Z ylog ps

Y@ represents the one-hot encoded true

soft =

true -

where
labels.

Dynamic Weight Allocation: Unlike static

methods, AKGP dynamically adjusts (1) and

) over time:

t t
a(t) =1 —?'ﬁ(t) =7
where @ is the current training epoch, and & is the
total number of epochs. This ensures that:
Early training emphasizes soft (

*high).

labels

- 7t
Late training focuses on true labels (& '
high).

3.5 Advantages

AKGP introduces significant improvements over
prior methods:
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1. Dynamic Adaptability: Automatically balances
teacher and true label contributions during
training.

2. Integrated Framework: Seamlessly combines
pruning,  quantization, and  knowledge
distillation.

3. Deployment Efficiency: Reduces size and

latency, enabling deployment on
constrained devices.
Experimental Setup
This section describes the datasets, baseline
models, implementation details, evaluation metrics,
and comparison benchmarks used to validate the
effectiveness of the proposed Adaptive Knowledge
Guided Pruning Algorithm (AKGP).
Datasets
The experiments were conducted on the following
datasets:
- CIFAR-10:
Standard dataset for image classification with 10
classes.
Size: 50,000 training images and 10,000 testing
images, each 32 x 32 pixels.
Preprocessing: Normalization, random cropping,
and horizontal flipping.
CIFAR-100:
e Similar to CIFAR-10 but with 100 finegrained
classes.
e Size: 50,000 training images and 10,000 testing
images.
Preprocessing: Same as CIFAR-10.
ImageNet (ILSVRC 2012):
Large-scale dataset for benchmarking deep
learning models with 1,000 classes.
Size: 1.2 million training images and 50,000
validation images.
Preprocessing: Resized to 224 x 224, with
random cropping and resizing.
Baseline Models
We evaluated AKGP on the following baseline
models:
ResNet-32 and ResNet-50: Deep
networks ~ commonly  used for
classification tasks.
MobileNet-v2: A lightweight convolutional
neural network for mobile and edge devices.
VGG-16: A classical convolutional neural
network with 16 layers.
Teacher Models: ResNet-50 and DenseNet121
served as teacher models for knowledge
distillation.
Implementation Details
The experiments were conducted using
following configurations:
Hardware:

resource

residual
image

the
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v' GPU: NVIDIA Tesla V100 with 32 GB
memory.

v" CPU: Intel Xeon Platinum 8260, 2.4 GHz.

v RAM: 256 GB.

Software:

v" Framework: PyTorch 1.13 with CUDA 11.8.

v' Libraries: NumPy, SciPy, torchvision.

¢ Training Configurations:

v Optimizer: SGD with momentum (0.9).

v Initial Learning Rate: 0.1, decayed by a
factor of 10 every 50 epochs.

v' Batch Size: 128 for CIFAR datasets, 256 for
ImageNet.

v" Total Epochs: 150 for CIFAR datasets, 90 for
ImageNet.

Hyperparameters:

v" Pruning threshold .7 : 0.05.

v Quantization Level: int8.

v Dynamic weight allocation parameter( ()

and 7' ): Linearly decayed over epochs.
Evaluation Metrics
The performance of AKGP was evaluated using the
following metrics:
Top-1 and Top-5 Accuracy: Measures the
classification accuracy.
Model Size: Reduction in storage requirements
(measured in MB).
Inference Speed: Latency in milliseconds (ms)
per image.
Compression Ratio:

°
Original Model Size

Compressmn Ratio = Compressed Model Size

e Accuracy Drop:
Accuracy Drop = Baseline Accuracy-Compressed
Model Accuracy

4. Results and Discussion

This method combines pruning algorithms, integer
guantization, and dynamic weight allocation to
optimize model compression. By integrating these
techniques, it ensures effective balance between
compression efficiency and model performance.

4.1 Quantitative Results

Model Compression and Accuracy

The compressed models achieved significant size
reductions and competitive accuracy. Table 1
summarizes the Top-1 accuracy, model size, and
compression ratio for CIFAR-10, CIFAR-100, and
ImageNet datasets.

Inference Latency

The inference speed improvement on an NVIDIA
Tesla V100 GPU is summarized in Table 2. The
compressed models show significant latency
reductions.

Table 1. Performance of AKGP on Various Datasets

Top-1 Model Compre
Model Dataset Acg %) Size ssion
(MB) Ratio
ResNet-32 | CIFAR-
(Baseline) 10 92.1 11 1.0 x
AKGP CIFAR-
(ResNet-32) | 10 91.8 0.45 2.4x
ResNet-50
(Baseline) ImageNet | 76.1 97.8 1.0x
AKGP
(ResNet-50) ImageNet | 75.2 37.2 2.6x
MobileNet-
v2 o |75 135 | 10x
(Baseline)
AKGP
(MobileNet- | SIFAR™ 1708 |51 2.6x
100
v2)
Table 2. Inference Latency Comparison (ms/Image)
Baseline Compressed
Model Latenc Latency
y (AKGP)
ResNet-32 0.82 0.48
ResNet-50 2.23 1.08
MobileNet-v2 1.15 0.63
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4.2 Ablation Study

Impact of Pruning Threshold (&7 )

Table 3 demonstrates how varying the pruning
threshold impacts compression and accuracy on
CIFAR-10. Larger thresholds yield greater
compression but at the expense of accuracy.

Table 3. Impact of Pruning Threshold on CIFAR-

Bt Compression Ratio | Top-1 Acc (%)
0.01 1.8x 92.0
0.05 | 24x 91.8
0.10 | 3.1x 90.6
4.4 Discussion
The experimental results underscore the

effectiveness of the Adaptive Knowledge-Guided
Pruning Algorithm (AKGP) in achieving significant
model compression while retaining competitive
accuracy. Several key insights and observations
from the results are discussed below:
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o Efficiency Gains: One of the most striking
outcomes of AKGP is its ability to significantly
reduce both model size and inference latency.
AKGP consistently reduced the model size by
over 2.4 x , which is a substantial improvement
compared to other state-of-the-art compression
methods. Moreover, the compressed models
demonstrated up to a 50% reduction in inference
latency. This dual improvement in both model
size and speed is crucial for deploying deep
learning models on edge devices, where
computational resources and storage are often
limited. These efficiency gains ensure that
AKGP is well-suited for real-time applications,
particularly those that require fast response
times, such as mobile vision applications,
autonomous systems, and 10T devices.

e Competitive Advantage: AKGP not only
achieves substantial model compression but also
excels at maintaining high accuracy levels.

o et d Han et Unet NGP
Meltod

Figure 1. Top-1 Accuracy vs. Compression Ratio for
Various Methods on CIFAR-10.

The method outperformed existing state-of-the-art
compression  techniques in  balancing the
compression ratio and accuracy retention. While
traditional pruning and quantization methods often
sacrifice accuracy to achieve compression, AKGP
leverages a dynamic weight allocation strategy
during knowledge distillation, which adapts to the
specific characteristics of the dataset. This
adaptability allows AKGP to achieve a better trade-
off between model size and accuracy, making it
more flexible and applicable to a wide range of
tasks and datasets. AKGP's performance on
benchmark datasets like CIFAR-10 further
highlights its competitive edge over other
approaches in terms of both compression and
accuracy retention.

e Trade-Offs: While AKGP demonstrates
superior performance, some minor accuracy
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drops were observed, particularly in models
trained on the CIFAR-10 dataset. For instance,
there was a 0.3% decrease in accuracy compared
to the baseline model. These minor accuracy
losses are a common trade-off in model
compression techniques and are generally
considered acceptable, given the substantial
reductions in model size and the significant
improvements in inference latency. In real-
world applications, such small sacrifices in
accuracy are often outweighed by the benefits of
a faster, more resource-efficient model,
especially when deploying on devices with
limited computational power and memory.
Additionally, these small drops in accuracy
could be further mitigated with additional fine-
tuning or adjustments in the training process.

Applications: AKGP is particularly suited for
deployment on edge devices with limited
memory and computational resources. The
significant reduction in model size and inference
latency makes AKGP ideal for mobile and
embedded platforms, where resource constraints
are a major challenge. The ability to deploy
large, high-performing deep learning models
without compromising efficiency opens up a
wide range of applications, such as real-time
image and video analysis, natural language
processing, and autonomous driving. Moreover,
the flexibility of AKGP to adapt to different
datasets ensures that it can be applied across a
variety of tasks, making it a versatile solution
for many real-world scenarios. For example,
AKGP could be used for tasks like face
recognition on mobile devices, medical image
analysis on embedded systems, or real-time ob-

ject detection in loT-enabled surveillance
cameras.
Limitations: Despite its promising results,

AKGP has some limitations, particularly when
applied to larger datasets like ImageNet. While
AKGP performed well on smaller datasets like
CIFAR-10, it  may  require  further
hyperparameter tuning and optimization when
working with more complex and large-scale
datasets. The large number of parameters and
more intricate feature representations in datasets
like ImageNet can pose challenges for AKGP's
current configuration. However, these
challenges are not unique to AKGP and are
common in many model compression techniques
when applied to large, high-dimensional
datasets. Future work could focus on refining
the hyperparameter tuning process, improving
the efficiency of dynamic weight allocation, and
experimenting with advanced pruning and
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guantization techniques to further enhance
AKGP's performance on large-scale datasets.
The results confirm the utility of AKGP as a
robust and effective model compression
framework for real-world applications. AKGP
successfully combines pruning, quantization,
and knowledge distillation into an integrated
approach that optimizes model size, accuracy,
and inference speed. By offering significant
gains in efficiency and maintaining competitive
accuracy, AKGP provides a promising solution
for deploying deep learning models on resource-
constrained devices. The minor accuracy trade-
offs observed can be considered acceptable in
exchange for the substantial reductions in model
size and latency, making AKGP a practical
choice for real-time applications in various
domains.

4. Conclusions

The proposed Adaptive Knowledge-Guided
Pruning Algorithm (AKGP) introduces a dynamic
weight allocation strategy to enhance model
compression by effectively combining structured
pruning, quantization, and knowledge distillation.
Experimental results demonstrated that AKGP
achieved a significant reduction in model size, up to
2.6x, with minimal accuracy loss, alongside a
substantial improvement in inference speed,
reducing latency by up to 50%. Comparative
evaluations against state-of-the-art methods.
Despite its  effectiveness, AKGP exhibits
limitations, particularly on larger datasets like
ImageNet, where further tuning is required. Future
work will focus on optimizing AKGP for larger and
more complex datasets, extending its applicability
to natural language processing and multimodal
learning tasks, and exploring hardware-aware
optimizations to ensure seamless deployment on
edge devices. In summary, AKGP bridges the gap
between computational efficiency and model
performance, providing a robust solution for real-
world deep learning applications.
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