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Figure 1: Replaced token detection pre-training consistently outperforms masked language model
pre-training given the same compute budget. The left figure is a zoomed-in view of the dashed box.
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E%: Success Criteria
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ELECTRA £t 2 E
Al Zt (4= Base - 85.1%, Small - 79.9%)
B 52 452 7|0

=2 Sest dsktmE ZEAM H A Ol Model Train / Infer FLOPs Speedup  Params Train Time + Hardware GLUE
BERTE &8¢ FotH Zdd =4 RE L}
ELMo 3.3e18/2.6e10 19x/1.2x 96M 14d on 3 GTX 1080 GPUs  71.2
o 7 I=3 GPT 40619 /3.0¢10 16x/0.97x 117M  25don8P6000GPUs  78.8
1L O -_Il—l- A| 7I_|- = 7 | I:H BERT-Small 1.4e18/3.7¢9 45x / 8x 14M 4d on 1 V100 GPU 75.1
BERT-Base 6.4e19/2.9e10 1x/1x 110M 4d on 16 TPUV3s 82.2

U% trained 1€ .I€5 JUX [ 86X 4V donl VIUUGFU J.U
25% trained  3.6e17/3.7€9 181x/8x  14M  1don1V100 GPU 717
12.5% trained ~ 1.8¢17/3.7¢9 361x/8x  14M  12hon1V100 GPU 76.0

ELECTRA-Base  6.4e19 /2.9¢10 1x /1x 110M _4d on 16 TPUv3s

Table 1: Comparison of small models on the GLUE dev set. BERT-Small/Base are our implemen-
tation and use the same hyperparameters as ELECTRA-Small/Base. Infer FLOPs assumes single
length-128 input. Training times should be taken with a grain of salt as they are for different hard-
ware and with sometimes un-optimized code. ELECTRA performs well even when trained on a
single GPU, scoring 5 GLUE points higher than a comparable BERT model and even outscoring the
much larger GPT model.
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