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Structured Model Pruning

Pruning step

Evaluation Calibration data

Refinement

Existing structured pruning methods – SliceGPT (Ashkboos et al., 2024), LLM Pruner (Ma et al., 2023), 

Layer Collapse (Yang et al., 2024) use calibration data to determine the unimportant components of a pre-

trained model for pruning. 

Limitations

1. Over-reliance on calibration data makes the compressed model sensitive to the data selection, 

becomes less reliable on downstream tasks (Ji et al., 2025)

2. Recovery fine-tuning (RFT) is crucial for preserving performance of the models, post-compression



Can we use Intrinsic Metrics for Pruning

With more compression, the distribution of 

singular values becomes more right-skewed

Singular values of a matrix determine the 

importance of each component. 

Can we preserve the singular value structure 

(spectral structure) to preserve the 

performance of compressed model?



PruneNet: Calibration-free Structured Pruning

● PruneNet treats model compression as a policy-learning process that assesses the parameter 

importance once (using intrinsic methods) and can reuse the policy to compress the model at 

multiple compression ratios, at once. 

● PruneNet is highly flexible, reusable and does not use sensitive and unreliable mechanisms like 

calibration.



PruneNet: Calibration-free Structured Pruning

A policy learner assesses the different column indices of FFN1 matrix for a Transformer block

Penalty

Kolmogorov-Smirnov 

(KS) distance between 

original and updated 

spectrum distribution 

signifies the impact of 

compression

Use the KS distance 

as penalty to update 

the policy

Reuse the same 

policy for FFN2 

matrix

With iterations, the 

penalty reduces. 

The policy learning 

terminates after 

fixed number of 

iterations.



Effectiveness of PruneNet: Empirical Evidence

PruneNet achieves higher effective sparsity and 

efficiency while maintaining better performance 

on downstream tasks.

Effective sparsity indicates the memory 

reduction in the compressed model.

LLaMA-2-7B compressed with PruneNet 

exhibits 73% better inference throughput 

than the original model.



Performance of Compressed LLMs without RFT

Downstream performance comparison of PruneNet and SliceGPT. PruneNet consistently outperforms 

other methods even in the absence of recovery fine-tuning (RFT).



Importance of PruneNet for Efficient Model Pruning

Key takeaways:

A. PruneNet is highly reusable, where the compression policy learned at lower compression 

ratio can be used to compress model at higher compression ratio, while significantly retaining 

performance.

B. PruneNet is also faster than most competitive compression methods. LLaMA-2-7B model 

can be compressed in just 15 minutes, 50% faster than SliceGPT

C. PruneNet is architecture-agnostic and can be applied on any pre-trained network, without the 

need for any calibration 
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