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• This study extends the comparative analysis of various 

neural network pruning techniques—specifically SNIP [2], 

GraSP [4], SynFlow [3], random pruning, and magnitude 

based pruning—by integrating modern evaluation 

metrics and introducing an iterative pruning method, 

Iterative Magnitude Pruning (IMP) [1]. 

• Our objectives are to enhance the understanding and 

efficiency of these techniques for more effective neural 

network model development. 

• We implemented IMP to evaluate its theoretical 

effectiveness and incorporated additional metrics such 

as CPU memory usage, GPU allocation, and cache 

memory tracking. 

• Our comparative analysis across different compression 

levels reveals that iterative pruning methods like IMP 

tend to outperform one-shot approaches. Furthermore, 

initial results suggest that each one-shot pruning 

method presents distinct advantages and limitations. 

This comprehensive assessment aids in identifying 

optimal pruning strategies for various network 

architectures and applications..
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and training process allows IMP to refine the network’s 

structure iteratively, enhancing its ability to maintain or 

improve performance despite increased sparsity. 

• This cyclic nature of IMP is crucial for its success. It allows 

the network to adapt gradually to the loss of weight, 

which can prevent the significant performance 

degradation often ob served with one-shot pruning 

methods after aggressive weight removal. By 

continuously adjusting and retraining, IMP can discover 

more efficient and robust network configurations 

capable of achieving similar or even superior 

performance compared to the original unpruned model.

• Our comparative study underscores the superiority of 

iterative pruning over traditional one-shot methods. 

• IMP retains model accuracy, reduces inference times, 

and optimizes memory consumption across both CPU 

and GPU, making it a robust solution for enhancing the 

operational efficiency of deep neural networks. 

• This study highlights the potential of iterative pruning 

techniques in advancing the SOTA model compression, 

offering significant benefits for real-world applications 

where efficiency and performance are critical.

Iterative Magnitude Pruning

• Iterative Magnitude Pruning (IMP) [1] is a neural network 

pruning technique that employs an iterative process to 

re move weights based on their magnitudes. It seeks to 

identify a sparse but capable subnetwork that, when 

trained from the beginning, could match or surpass the 

performance of the unpruned network. IMP is inspired by 

the Lottery Ticket Hypothesis, which suggests that 

effective subnetworks can exist within randomly 

initialized networks.

•  IMP differs significantly from traditional one-shot pruning 

methods. While one-shot pruning involves removing a 

pre determined percentage of weights based solely on 

a single pass or criterion (such as weight magnitude), 

IMP applies a more nuanced approach. It uses multiple 

iterations of pruning followed by training, where each 

cycle aims to eliminate a fixed percentage of the 

smallest weights and then retrain the network to regain 

performance. This methodical reduction
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