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EXAONE-3.5-2.4B-Instruct Gemma-3-1B-it Llama-3.2-1B
vanilla GPTQ AWQ vanilla GPTQ AWQ vanilla GPTQ AWQ
MMLU 59.29 34.31 57.24 39.87 34.41 42.52 31.10 40.45 30.76
HellaSwag 54.04 42.88 53.01 42.45 40.88 42.54 48.34 41.86 3691
Inference time | 26.15 t/sec | 872 t/sec | 1390 t/sec || 16.34 t/sec | 11.67 t/sec | 13.03 t/sec || 43.66 t/sec | 3429 t/sec | 3148 t/sec
Vram Usage 461GB 0.94GB 2.07GB 0.96GB 0.93GB 0.97GB 1.03GB 0.99GB 0.99GB
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