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Bypass Back-propagation: Optimization-based Structural Pruning 

for Large Language Models via Policy Gradient

⚫ Existing LLM metric-based pruning relies on heuristic metrics, which is computationally inexpensive, but 

often leads to suboptimal performance, especially at high pruning rates.

⚫ Pre-LLM optimization-based methods require backpropagation, which can lead to better performance, but is 

computationally expensive for LLMs.

Can we attain the performance of optimization-based methods while preserving 

a similar inexpensive resources with the metrics-based methods?

Large Language Models (LLMs) face efficiency challenges for deployment due to their massive parameters.

Introduction

3. Policy Gradient Optimization

Stochastic Gradient Descent Algorithm

Variance Reduction via Moving Average Baseline

2. Pruning via Probabilistic Mask Modeling 

1. Pruning is a Binary-Optimization Problem

Optimization Object in Expectation

Method

Table1. Results (perplexity) on channels and heads pruning. Our method is initialized by Wanda-sp. All the 

methods are calibrated using the C4 dataset and validated on the WikiText2 dataset w.r.t. perplexity.
Table2. Perplexity (PPL) and zero-shot accuracies (%) of LLaMA-3-8B for 5 zero-shot tasks.

Table 3: Channels and heads pruning results with different initializations on LLaMA-2-7B. Bold and 

Underscored denote the first and second best results, respectively.

Figure 3: Comparison of Policy Gradient and Gumbel Softmax. Figure 4: Global vs. local pruning.

Experiments
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