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Epoch 1 and new similar ones are generated within a Epoch 2
defined similarity range. \
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Model Teacher #Params Speedup Avg

BERTgAsE - 109M x1.0 81.5
RoBERTagask - 1256M x1.0 86.2
BERTgsmALL - 66M x2.0 79.1
Truncated BERTgasE - 66M x2.0 76.2
Truncated RoOBERTagasg - 81M x2.0 77.6
DistilBERT BERTgAsE 66M x2.0 79.4
TinyBERT BERTRAsE 66M x2.0 79.1
MiniLM BERTRAsE 66M x2.0 79.4
SAGE BERTRAsE 66M x2.0 78.6
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Model SQuAD2 MNLI-m QNLI QQP RTE SST MRPC CoLA
BERTBAsE 76.8 84.5 91.7 913 68.6 93.2 87.3 58.9
RoBERTagask 83.7 87.6 92.8 919 787 948 90.2 63.6
BERTsMALL 73.2 81.8 89.8 90.6 67.9 91.8 88.2 43.3
Truncated BERTgasE 69.9 81.2 87.9 904 65.5 90.8 82.7 41.4
Truncated RoBERTagasg 70.9 82.0 89.4 90.5 69.8 924 85.6 42.5
DistilBERT 73.3 83.5 90.5 90.8 722 91.6 88.5 42.8
TinyBERT 73.1 83.0 90.3 90.5 729 91.6 88.3 42.4
Sage 74.2 83.4 91.2 90.8 68.5 923 86.9 41.5
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