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LLM Compression through Conversion of Unstructured Pruning to Structured Pruning Methods
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Fig. 1 Score Calculation and aggregation for structured pruning
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Table 1 Accuracy of structural pruning methods (%)

Method WinoG PIQA  HellaS ARC-e ARC-c Ave
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Method WinoG PIQA  HellaS ARC-e ARC-c Ave

AFR 60.62 67.46 50.64 55.35 3294 | 53.40
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Table 3 Comparison of parameters size, memory usage, and
inference speed-up on GPU

Model Parameters VRAM Speed-up GPU
Llama3-8B 8.03B 16.06GB 1.0x
+AFR 5.21B 10.42GB 1.57x
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