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Abstract: As large models continue to grow in scale, the memory footprint and computational overhead of model
inference have become critical challenges. Mixed-precision quantization is an effective approach to reduce resource
consumption, but existing methods suffer from insufficient outlier handling, significant quantization accuracy loss,
and inefficient memory access. To address these issues, a memory-aligned mixed-precision quantization method for
large models was proposed. First, weights were divided into SIMD-aligned groups, and outlier groups were identified
via group-wise significance analysis, with high-significance groups quantized to 8 bit and others to 2 bit. A block-wise
compensation strategy was introduced to mitigate accuracy degradation caused by 2 bit quantization. Furthermore, an
efficient packing and storage scheme was designed for mixed-precision weights, where a bitmap was used to record
the bit width of each data block, enabling random access. Experimental results demonstrated that the proposed method

significantly reduced memory usage and improved computational efficiency while maintaining model accuracy.
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Specifically, on Llama2-7 B/13 B/70 B, the approach achieved perplexity reductions of 8.13/2.84/1.37 on WikiText-2

and 5.80 on C4 relative to state-of-the-art baselines. The quantized 70 B model reduced weight storage by

approximately 87% compared with BF16. Across seven QA benchmarks, an average accuracy gain of 6.24% was

achieved. Last, these results indicated that a mixed-precision quantization method for large language models via

memory alignment could simultaneously improve compression ratio, memory-access efficiency, and overall model

performance.

Keywords: large language model compression; post-training quantization; low-bit quantization; mixed-precision

quantization; outlier extraction
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Fig. 1 Schematic diagram of outlier parameter grouping
algorithm based on second-order information
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Table 3 Accuracy of different quantization methods on the seven zero-shot QA datasets
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ARB-LLM 2.08 66.59 66.33 29.60 57.85 51.01 27.56 48.33 49.61
SliM-LLM 2.16 53.64 52.59 15.00 47.98 25.08 21.50 26.29 34.58

Ours (K=50) 2.14 68.66 63.27 21.00 58.09 50.00 26.19 40.01 46.75
Ours (K=100) 2.14 75.41 69.20 26.40 66.77 67.42 35.92 49.80 55.85
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Table 4 Ablation study of our method on WikiText2
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Fig. 3 Visual comparison results of quantized parameters ((a) BILLM; (b) Ours)
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