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Introduction

» Popular use of character models in NLP (kim etal., 2016; Lee et al., 2017)

 Evaluation of surprisal estimates from word-level neural LMs
(Goodkind & Bicknell, 2018; Futrell et al., 2019; Wilcox et al., 2020; Hao et al., 2020)

* Do character models give more predictive surprisal estimates?
» Character model within a structural parser-based model
« Comparison of predictive power on three different datasets



Surprisal: —log P(w¢|wy ...w¢_q)
 Predictive of measures of processing difficulty (Hale, 2001; Levy, 2008)

* Left-corner parsers reflect memory and processing constraints
(Miller & Isard, 1964; Johnson-Laird, 1983)

 Limits on center embedding
* Fixed number of operations at every word



Left-corner parsing

P(wW: qelqe-1)

= z P(lelqe-1) * PWelqe—1lt) * P(Gelqe-1lewe) * P(qelqe—1leWege)
le.gt

* Hidden states g, consist of derivation fragments

« Marginalize over hidden states g, for prefix probabilities
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Left-corner parsing: w;

P(Welge—1l;) = z P(xelqe—1l) * P(relqe—1lexe) * P(Welqe—qlexee)

Xt, Tt

* To a lemma x,, apply a morphological rule r; for word w;

* Morphological rules come from a GCG annotation scheme
(Nguyen et al., 2012)

» Character-based RNN sub-models for estimating P (x;|q;—11;)
and P(1:1qe—1lext)



Surprisal estimation

 Parser trained on GCG reannotation of WSJ02-21 Marcus et al. 1993)

 Surprisal estimated using beam search
» Test: Character-based word generation model (CharWSurp)
« Baseline: Relative frequency estimation (FreqWSurp)



Psycholinguistic evaluation

« Comparison against surprisal estimates from various models
e GLSTM (Gulordava et al., 2018), JLSTM (Jozefowicz et al., 2016), GP T2 (Radford et al., 2019)
e RNNG (Hale et al., 2018), VSLC (van Schijndel et al., 2013), JLC (Jin & Schuler, 2020)

» Evaluation metric: Alog-likelihood (coodkind & Bicknell, 2018; Hao et al., 2020)

e Evaluation on three datasets

 Natural Stories SPR (Futrell et al., 2018), Dundee ET (kennedy et al., 2003),
Natural Stories fMRI (shain et al., 2019)



Results (Natural Stories SPR)
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Results (Dundee ET)
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Results (Natural Stories fMRI)

2751 "GPT2
250 -
205 1

— 200-

< 175 GLSTM vJ|-C VSLC
150- JLSTMm= > )
125- FreqW._ CharW
100- RNNG ¢

2'4 2'6 2'8 2'10

Perplexity



Conclusion

« Character model for word generation probabilities within a parser

» Contributes to better fits to human response data
 Better than large-scale neural LMs on SPR and ET data

* New nuance to the relationship between PPL and predictive power
(Goodkind & Bicknell, 2018; Wilcox et al., 2020)
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Code for this work is publicly available at
https://github.com/byungdoh/acl21_semproc.
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