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Introduction Evaluation on Human Reading Times
e There are empirical shortcomings of language model surprisal as expectation-based predictors of comprehension e Regression models fit to reading times of the Natural Stories Corpus [1] and the Dundee Corpus [3]
difficulty, such as underprediction of garden-path effects [9] e Baseline predictors: low-level predictors, unigram surprisal, and GPT-2 surprisal
e As such, there are recent efforts to identify memory-based effects from language model representations e Predictors of interest calculated from attention heads on topmost layer of GPT-2
e For example, a connection has been made between Transformer self-attention weights and cue-based retrieval [7],
but their entropy was not predictive over surprisal [8] Natural Stories SPR Dundee ET
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Formulations of GPT-2 [6] Attention Patterns Table 1: Effect sizes per standard deviation on the held-out partition. Figure 3: Improvements in log-likelihood on the held-out partition.
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