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1. Hyperparameters for Pre-Training
As shown in Table 1, we present the hyperparameters used
for pre-training UNILMv2BASE. We use the same Word-
Piece (Wu et al., 2016) vocabulary and model size as
BERTBASE (Devlin et al., 2018). We follow the optimiza-
tion hyperparameters of RoBERTaBASE (Liu et al., 2019) for
comparisons.

Layers 12
Hidden size 768
FFN inner hidden size 3072
Attention heads 12
Attention head size 64
Max relative position 128
Training steps 0.5M
Batch size 7680
Adam ε 1e-6
Adam β (0.9, 0.98)
Learning rate 6e-4
Learning rate schedule Linear
Warmup ratio 0.048
Gradient clipping 0.0
Dropout 0.1
Weight decay 0.01

Table 1. Hyperparameters for pre-training UNILMv2BASE.

2. GLUE Benchmark
Table 2 summarizes the datasets used for the Gen-
eral Language Understanding Evaluation (GLUE) bench-
mark (Wang et al., 2019).
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Dataset #Train/#Dev/#Test

Single-Sentence Classification
CoLA (Acceptability) 8.5k/1k/1k
SST-2 (Sentiment) 67k/872/1.8k

Pairwise Text Classification
MNLI (NLI) 393k/20k/20k
RTE (NLI) 2.5k/276/3k
QNLI (NLI) 105k/5.5k/5.5k
WNLI (NLI) 634/71/146
QQP (Paraphrase) 364k/40k/391k
MRPC (Paraphrase) 3.7k/408/1.7k

Text Similarity
STS-B (Similarity) 7k/1.5k/1.4k

Table 2. Summary of the GLUE benchmark.

3. Hyperparameters for NLU Fine-Tuning
Table 3 reports the hyperparameters used for fine-tuning
UNILMv2BASE over SQuAD v1.10 (Rajpurkar et al., 2016)
/ v2.0 (Rajpurkar et al., 2018), and the GLUE bench-
mark (Wang et al., 2019). The hyperparameters are searched
on the development sets according to the average perfor-
mance of five runs. We use the same hyperparameters for
both SQuAD question answering datasets. Moreover, we list
the hyperparameters used for the GLUE datasets in Table 3.

SQuAD v1.1/v2.0 GLUE

Batch size 32 {16, 32}
Learning rate 2e-5 {5e-6, 1e-5, 1.5e-5, 2e-5, 3e-5}
LR schedule Linear
Warmup ratio 0.1 {0.1, 0.2}
Weight decay 0.01 {0.01, 0.1}
Epochs 4 {10, 15}

Table 3. Hyperparameters used for fine-tuning on SQuAD, and
GLUE.
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4. Hyperparameters for NLG Fine-Tuning
As shown in Table 4, we present the hyperparameters used
for the natural language generation datasets, i.e., CNN/Dai-
lyMail (See et al., 2017), XSum (Narayan et al., 2018), and
SQuAD question generation (QG; Du & Cardie 2018; Zhao
et al. 2018). The total length is set to 512 for QG, and
768 for CNN/DailyMail and XSum. The maximum output
length is set to 160 for CNN/DailyMail, and 48 for XSum
and QG. The label smoothing (Szegedy et al., 2016) rate is
0.1. During decoding, we use beam search to generate the
outputs. Length penalty (Wu et al., 2016) is also used to
score candidates.

CNN/DailyMail XSum QG

Fine-Tuning
Learning rate 7e-5 7e-5 2e-5
Batch size 64 64 48
Weight decay 0.01
Epochs 14 14 16
Learning rate schedule Linear
Warmup ratio 0.02 0.02 0.1
Label smoothing 0.1
Max input length 608 720 464
Max output length 160 48 48

Decoding
Length penalty 0.7 0.6 1.3
Beam size 5 5 8

Table 4. Hyperparameters used for fine-tuning and decoding on
CNN/DailyMail, XSum, and question generation (QG).
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