NLP and Transformer Models - 3 n7un

Part 1: Evaluating Autoregressive Language Models for Grammatical
Acceptability
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ROC AUC Score (Averaged Log Prob) vs. GPT-2 Model Size on CoLA Validation Set
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Part 2: Bidirectional Language Models for Acceptability Prediction
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Part 3: Fine-Tuning a Model on CoLA
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Best model found at step 1140. Approximately corresponds to Epoch 5.

{'eval_loss'": 0.7892110347747803, 'eval_model_preparation_time". 0.0093,

‘eval_accuracy': 0.8360498561840843, 'eval_runtime': 7.6331, 'eval_samples_per_second".
136.641, 'eval_steps_per_second': 17.162}
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ROC AUC Score Comparison: GPT-2 (Averaged Log Preb), BERT (Pseudo-Log-Likelihood), and Fine-tuned BERT on CoLA Validation Set
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