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Large Language Model (LLM
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von Platen P. How to generate text: using different decoding methods for language generation with transformers[J]. Hugging Face, 2020.
Smith S, Patwary M, Norick B, et al. Using deepspeed and megatron to train megatron-turing nlg 530b, a large-scale generative language model[J]. arXiv preprint arXiv:2201.11990, 2022.
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Batch Size 8 64
Sequence Length 2048 4096 8192 2048 4096 8192 2048 4096 8192
WI16A16 26.2 27.9 314 38.5 52.5 80.7 136.9 2494 4745
W4Al6 7.9 9.6 13.1 20.2 342 624 118.6 231.1 456.1
W4AS8 7.0 7.9 9.7 13.4 20.6 35.2 64.2 1224 238.6
OPT-13b W4 A4 6.6 7.1 8.0 10.0 13.8 21.6 37.1 68.0 129.9
W4A4KV 6.7 7.2 8.3 10.6 15.0 239 41.7 77.4 148.6
W4A3KV 6.6 7.0 7.9 9.8 13.4 20.7 35.3 64.6 123.0
W3A3KV 5.0 5.5 6.4 8.2 11.9 19.2 33.8 63.0 121.5
WI16A16 594 62.3 68.1 79.7 1029 1493 2420 4275 798.6
W4A1l6 17.0 19.9 25.7 373 60.5 1069 1996 3852 756.2
W4AS8 15.6 17.1 20.1 26.0 38.0 61.8 109.5 2049 3957
OPT-30b W4 A4 14.9 15.7 17.3 20.4 26.7 39.3 645 1148 2154
W4A4KV 15.0 15.9 17.7 21.2 28.3 42.6 71.0 1279 241.7
W4A3KV 14.8 15.6 17.0 19.9 25.7 37.2 60.3 106.5 198.8
W3A3KV 11.3 12.0 13.5 16.4 22.1 33.7 56.8 1029 1953
WI16A16 128.1 133.0 1427 162.1 2009 2785 4338 7443 13653
W4Al6 35.7 40.5 50.2 69.6 108.4 186.1 341.3 6519 12729
W4AS8 333 35.8 40.7 50.6 70.5 110.1 1895 348.1 6654
OPT-66b W4A4 32.1 334 36.0 41.2 51.5 722 1135 1962 361.6
W4A4KV 32.2 33.7 36.5 42.2 53.6 76.4 1220 213.1 3954
W4A3KV 32.0 33.1 354 399 490 67.2 1037 1765 3223
W3A3KV 243 254 27.7 32.2 41.3 59.5 96.0 168.8 3146




Post-training Quantization (PTQ)
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Uniform Quantization
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Figure 3: The accuracy of OPT and BLOOM models post-GPTQ, measured on LAMBADA.

Frantar E, Ashkboos S, Hoefler T, et al. GPTQ: Accurate Post-Training Quantization for Generative Pre-trained Transformers[J]. arXiv preprint arXiv:2210.17323, 2022.
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RPTQ: Clustering and Reordering
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Avold Explicit Reordering and Misalignment
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Results

Task LAMBADA(OpenAl) PIQA [29]

Model 1.3b 6.7b 13b 30b 66b 1.3b 6.7b 13b 30b 66b
FP16 57.98% 61.84% 68.60% 71.41% 67.14% 7247% 7T453% 76.87% 7T8.01% 7T8.12%
W4Al6 57.46% 60.78% 68.50% 7T1.37% 67.06% 71.59% 74.80% 7T693% 78.29% T8.18%
W4AS 52.39% 67.35% 62.44% 64.99% 67.02% 69.69% 75.89% 7546% 76.93% 77.52%
W4A4 49.34% 6493% 60.23% 63.92% 68.50% 68.66% T7540% T73.55% T6.16% T77.14%
W4A4KV  5290% 67.39% 62.77% 64.89% 69.99% 69.26% 76.00% 7442% 76.65% 76.98%
W4A3KV  47.02% 6497% 61.05% 59.20% 66.23% 68.22% 75.73% 73.23% 67.46% 74.21%
W3A3KV 4284% 64.11% 60.02% 58.33% 65.28% 06822% 7464% 74.10% 67.51% 75.13%

Task ARC(Easy) [7] ARC(Challenge) [7]

Model 1.3b 6.7b 13b 30b 66b 1.3b 6.7b 13b 30b 66b
FP16 51.05% 58.03% 61.91% 65.31% 64.68% 29.69% 33.61% 35.66% 38.05% 38.99%
W4Al6 51.17% 57.02% 61.82% 65.10% 64.89% 30.03% 3259% 3549% 37.96% 38.99%
W4AS 48.35% 60.18% 60.94% 63.46% 64.60% 26.36% 34.04% 35.58% 37.45% 38.82%
W4A4 47.55% 5690% 5841% 62.12% 63.76% 25.85% 34.30% 33.95% 36.17% 37.20%
W4A4KV  47.76% 57.74% 58.54% 63.59% 63.67% 27.64% 3395% 3421% 3737% 37.71%
W4A3KV  46.29% 56.69% 56.10% 48.44% 59.00% 26.02% 33.95% 33.95% 30.71% 36.77%
W3A3KV  44.029% 55.59% 53.74% 5042% 57.65% 26.53% 32.16% 32.50% 30.71% 34.98%

Task OpenBookQA [22] BoolQ

Model 1.3b 6.7b 13b 30b 66b 1.3b 6.7b 13b 30b 66b
FPl16 33.00% 38.00% 39.00% 40.20% 41.60% 57.73% 67.03% 65.90% 70.45% 70.85%
W4Al6 31.80% 37.40% 39.20% 40.60% 42.00% 58.99% 59.72% 66.66% 70.70% 70.55%
W4AS 32.40% 38.00% 38.60% 39.40% 41.80% 46.88% 6593% 66.57% 70.64% T1.07%
W4A4 32.60% 38.40% 38.00% 38.60% 42.00% 41.37% 6544% 5847% 67.70% 70.24%
W4A4KV  32.60% 38.40% 38.00% 3980% 41.60% 4333% 62.11% 6247% 68.22% 70.79%
W4A3KV  32.80% 36.80% 37.00% 34.00% 3940% 4284% 6131% 57.76% 61.74% 67.06%
W3A3KV  2840% 3520% 37.20% 3240% 38.60% 46.23% 60.79% 65.07% 63.08% 67.49%
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* RPTQV2
* Cluster-wise Mixed Precision
* Dynamic Quantization for high variation channels

* QLoRA
* Make QAT affordable for LLM

* QAT
* Distributed Training
* Extreme Low bit-width (3bit, ternary or binary)
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