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1. Summary 4. KD for QAT on Large Transformers
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SA-PROP Min-Max Range Comparison (Teacher vs Student)
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3' Prlor KD TeChnlqueS for QAT RTE-Task (Case-1) SST-2-Task (Case-2)
3-1. All-Layer Distillation for QAT * SA-PROP show distinct features depending on NLU tasks.

« Task-dependent attention characteristics are intensified when
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the model size increases.
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5. Experimental Results
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» Layer-wise Distillation helps QAT of quantized student model.

3-2. Improve KD on Self-Attention Generation
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« KL-Div loss function with self-attention map maintain the relative
iImportance of attention across tokens (attention-map loss).

KD-QAT Results on GLUE benchmark (8-bit Activation, 2-bit Weight)

GLUE Task RTE' CoLA"  STS-BT  SST-2*  QNLI*  MNLI*  QQP* MRPC  AVG
(Dataset) (2.5k) (8.5k) (5.7k) (67k) (108k) (393k) (364k) (3.5k)
Full-Prec  73.28 58.04 89.24 92.09 91.32 84.37 89.30 87.77 83.39
Baseline 68.53 z1.69 49.61 079  87.55 014  92.01 2029  90.65 2005 84.21 w010 89.06 =040 88.58 2040 81.28
Map 70.39 078 50.40 103 87.78 :015 92.13 :022 90.98 2017 84.31 :010 89.22 040 88.07 x040 81.66
Output 70.65 <127 49.05 050 87.77 014 92.13 022 90.58 =007 84.24 001 89.17 x020 87.01 z043 81.33
Map+Output 71.68 110 50.50 w045 87.73 w016  92.39 w018 9091 014 84.33 006 89.28 w010 88.18 =053 81.87
BERT-base (110M param, Compression rate is 14.9x)
GLUE Task RTE' CoLAT STS-BT  SST-2* QNLI* MNLI* QQP* MRPC AVG
(Dataset) (2.5k) (8.5k) (5.7k) (67k) (108k) (393k) (364k) (3.5k)
Full-Prec  70.39 60.31 89.83 02.32 92.29 86.49 89.55 88.43 83.70
Baseline 65.02 +140 52.87 099 88.75 x009 91.82 2022 91.87 015 85.70 z017  89.29 007 89.26 w054 81.84
Map 66.42 :075 53.16 053 88.65 011 92.20 2030 91.93 w013  86.10 013  89.53 007 88.67 =037 82.08
Output 69.50 -120 54.71 :071 89.10 008 92.13 2026 91.92 2013  86.22 w005 89.44 000 88.75 :071  82.72
Map+Output 68.83 1145 54.69 :108  88.85 015 92.30 :011  92.16 w015 86.36 :006 89.48 1006 88.64 079 82.66
BERT-large (340M param, Compression rate is 15.4x)
Task KLUE-TC KLUE-STS NSMC AVG
(Dataset) (45k) (11k) (150k)
Full-Prec 85.76 92.11 91.87 89.91 ¢ Case-1 (.|.) RTE ColLA. STS-B
Baseline 85.56 w008 91.04 -0.10 91.13 00« 89.24 e (Case-2 (*): SST-2, QNLI, MNLI, QQP
Map 85.41:010 91.44:025 9124000 8936 « Baseline: TernaryBERT
Output 85.63 :023 91.03 0.1 91.39 x015 89.35
Map + Output 85.57 =021 91.11 z0.14 91.65 =012 89.44

ULM-large (280M param, Compression rate is 15.9x)

* |n the BERT-base, attention-map loss benefits all the tasks in Case-1 and Case-2.
* In the BERT-large, attention-output loss significantly boosts the accuracy of Case-1.
* Overall, the unified loss facilitates QAT accuracy in every tasks.



