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Mixed—-precision quantization of post-trained conversation

summarization based on sensitivity analysis

LIU Yu-peng,ZHANG Yu-hao, MENG Xin
(School of Computer Science and Technology, Harbin University of Science and Technology, Harbin 150080, China)

Abstract: This paper proposes a mixed precision integer quantization method for the layer of a trained
dialogue summarization model, which uses a more accurate method based on augmented Hessian matrix to
evaluate layer sensitivity, considering inter—layer correlation while effectively preserving intra—layer
information. Due to the large number of outliers in the conversation summarization model activation,
quantifying them directly will result in significant decrease in model accuracy. In this paper, we propose a
method of smoothing first and then mixed precision quantization. Activation outliers are first translated to
weights using smoothing factors, and then weights and activations are quantified with mixed precision
based on sensitivity assessment scores. This method can quantize the model from 16 bit or 32 bit floating—
point to 4-16 bit mixed precision, which reduces the storage requirement of the model and accelerates the

inference speed. On the benchmark dataset SAMSum, a significant performance improvement is achieved
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compared with the classical baseline system, which is almost the same as the performance of the non-

quantized model.
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Fig.1 Performance comparison before and

after quantization
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Fig.2 Structure figure of the hybrid—precision quantization method
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