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Entailment Start Premise Delim | Hypothesis | Extract || Transformer — Linear
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’y Similarity - Linear
12x —
Start Text 2 Delim Text 1 Extract | = Transformer
Start Context Delim Answer 1 | Extract | Transformer (> Linear
Multiple Choice | Start Context Delim Answer 2 | Extract ||+ Transformer > Linear
Text & Position Embed Start Context Delim | Answer N | Extract | - Transformer (= Linear

Figure 1: (left) Transformer architecture and training objectives used in this work. (right) Input
transformations for fine-tuning on different tasks. We convert all structured inputs into token
sequences to be processed by our pre-trained model, followed by a linear+softmax layer.
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Table 2: Experimental results on natural language inference tasks, comparing our model with current
state-of-the-art methods. 5x indicates an ensemble of 5 models. All datasets use accuracy as the
evaluation metric.

Method MNLI-m MNLI-mm SNLI SciTail QNLI RTE
ESIM + ELMo [44] (5x) - - 89.3 - - -
CAFE (5x) 80.2 79.0 89.3 - - -
Stochastic Answer Network (3x) 80.6 80.1 - - - -
CAFE 78.7 77.9 88.5 83.3

GenSen 71.4 71.3 - - 82.3 59.2
Multi-task BiLSTM + Attn 72.2 72.1 - - 82.1 61.7
Finetuned Transformer LM (ours) 82.1 814 89.9 88.3 88.1 56.0

Table 3: Results on question answering and commonsense reasoning, comparing our model with
current state-of-the-art methods.. 9x means an ensemble of 9 models.

Method Story Cloze RACE-m RACE-h RACE
val-LS-skip 76.5 - - -
Hidden Coherence Model 77.6 - - -
Dynamic Fusion Net (9x) - 55.6 49.4 51.2
BiAttention MRU (9x) - 60.2 50.3 53.3

— rinetuned Iranstormer LM (ours) . 80.5 2.9 574 590

Natural Language Processing
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Table 4: Semantic similarity and classification results, comparing our model with current state-of-the-
art methods. All task evaluations in this table were done using the GLUE benchmark. (mc= Mathews

correlation, acc=Accuracy, pc=Pearson correlation)

Method Classification ~ Semantic Similarity = GLUE

CoLA SST2 MRPC STSB QQP
(me)  (acc)  (FI) (pc) (FI)

Sparse byte mLSTM - 93.2 - - - i
TF-KLD - - 86.0 - - -
ECNU (mixed ensemble) - - - 81.0 - -

Single-task BILSTM + ELMo + Attn 350 90.2 80.2 55,5 66.1 6438
Multi-task BiLSTM + ELMo + Attn 189  91.6 83.5 72.8 633 68.9

Finetuned Transformer LM (ours) 45.4 91.3 82.3 820 703 72.8
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Language Models are Unsupervised Multitask Learners

LAMBADA LAMBADA CBT-CN CBT-NE WikiText2 PTB enwik8 text8§ WikiTextl03  IBW

(PPL) (ACC) (ACC) (ACC) (PPL) (PPL) (BPB) (BPC) (PPL) (PPL)
SOTA 99.8 59.23 85.7 82.3 39.14 4654 099 108 18.3 21.8
117M 35.13 45.99 87.65 83.4 2941 6585 116 117 37.50 75.20
345M 15.60 55.48 92.35 87.1 2276 4733 101 1.06 26.37 55.72
762M 10.87 60.12 93.45 88.0 1993 4031 097 1.02 22.05 44,575
[T542M 8.63 63.24 9330  89.05 1834 3576 093 098 17.48 42.16 ]

Table 3. Zero-shot results on many datasets. No training or fine-tuning was performed for any of these results. PTB and WikiText-2
results are from (Gong et al., 2018). CBT results are from (Bajgar et al., 2016). LAMBADA accuracy result is from (Hoang et al., 2018)
and LAMBADA perplexity result is from (Grave et al., 2016). Other results are from (Dai et al., 2019).
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