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Experience: 
Training Corpora

Consolidation: Language Models (LMs) Retrieval: 

Eye Movement predictions

English:
WIKI: Wikipedia dump, 5M 
documents/articles, 87M 
sentences, 1.8B words
-> general knowledge
SUB: Subtitles from 
opensubtitles.org, 110K 
documents/movies, 128M 
sentences/utterances, 716M 
words 
-> spoken language. 
-> SUB-frequency correlates 
better with lexical 
decision/naming times (e.g. 
Brysbaert et al., 2011) 

German:
WIKI: 114K articles / 7.7M 
sentences / 180M words
SUB: 7K movies / 7.3M 
utterances / 54M words

Eye movements (EM) and incremental Cloze 
Completion Probability (CCP-) based 
predictability data from Engelmann et al. (2013):

- SRC: Schilling, Rayner & Chumbley (1998)

- PSC: Potsdam Sentence Corpus (Kliegl et al., 
2006)

Excluding first and last words of the sentences

Outliers: 

Single-fixation duration (SFD, 70-800ms)

First-pass gaze duration (GD, 70-1200ms),

Total Viewing Time (TVT, 70-1600ms

Table 1: Sample sizes of EM and CCP data

Comparing CCP-based to LM-based 
“predictability”: Present word, last word: Lag 
effects, next word: Successor effects

Generalized Additive Models (GAM): Thin plate 
regression splines (mgcv-package in R); Gamma 
functions with a logarithmic link  (cf. Smith & Levy, 
2013)
Stepwise GAMs:
Baseline predictors: Random terms: subject and 
items (M01); Landing site (M02); Length and 
frequency of the present (M03), last (M04), and 
next word (M05).
Different types of “predictability”:
Cloze-Completion-Based (CCP) predictability 
scores of present (M06), last (M07) and next word 
(M08):
WIKIpedia-trained (M09-M17) & SUBtitles-trained 
(M15-M27): N-gram (M09-M11 & M18-M20); Topic 
(M12-M14 & M21-M23); RNN (M15-M17 & M24-
M26)
All WIKI-trained LMs better than CCP? (M27)
SUB better than WIKI? (M28)
Both better than SUB? (M29)
Does CCP account for additional variance? 
(M30)
Model scores:  Generalized Cross-Validation 
(GCV) scores: Mean prediction error based on a 
leave-one-out cross validation process (~ AIC/BIC; 
lower ~ better); %DR2; log likelihood tests whether 
present GAM fits better than last: Deviance:
Similar to root-mean-squared error. Positive value 
indicates the present GAM is better; Positive df
indicates present GAM is simpler; * P< 0.05.

Introduction: Language Models provide a deep explanation of semantic long-term memory, because they reflect the 3 basic stages of the memory process…

Statistical Analyses

Take-Home:
- 3 WIKI-based LMs together provide better predictions than CCP (M27; Table 2)

- No general training corpus advantage, SUB better in 3, Wiki in 1 out of 6 comparisons (M28) 

- Taking together both training corpora improves the predictions: general knowledge + spoken language (M29)

- > Replicating and extending Hofmann et al.’s (2017) linear approaches to SFD(, N400 and CCP) data for the PSC

- When LMs are trained by larger English corpora, a small CCP sample doesn’t improve EM prediction (SRC). In a 
large CCP sample and smaller German training corpora, CCP improves EM predictions (PSC; M30)

- Single LMs vs. CCP: LMs win in SRC (6 vs. 5), but loose in PSC (2 vs. 4, smaller LM training corpora, larger 
CCP-sample). CCP is better for GD data, but LMs are often better for predicting SFD data (Table 4)

- M30: In a large EM data set (PSC), all predictors except some item random terms are significant predictors: 
Nearly all “item-level” variance explained? (Table 3)

- Topic: Lower F-values than N-gram & RNN in SRC, but highest in PSC for TVT: Late long-range semantics? 
Effects are distributed across training corpora, EM measures and position (WIKI_last+next~GD, SUB~SFD,TVT)

- RNN-based predictability of next word is best in WIKI training: general(ized) knowledge?

- N-gram-based conditional probability of present and last word is best in SUB training: spoken language?

Table 2: Significantly better predictions than 
previous model in blue, worse predictions in red 
(SRC). In PSC, all GAMs provided better 
predictions than the previous GAMs. Therefore, we 
only report (relatively large) increases in explained 
variance (in blue, if SRC provided significant 
increases in the same comparison) (*P < 0.05).

Table 3:
Significant 
predictors in 
M30. (+ P < .1; 
* P < 0.05; ** P 
< 0.01; *** P < 
0.001)

Single LMs vs. CCP

M30: F-values

Table 4: Deviance (df) and * (P< 0.05).  Blue = LM is better; red = CCP is better

(e.g., Hofmann et al., 2018)
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Stepwise GAMs

Topic

Probability of words to occur together in 
documents is approximated by N = 200 
latent topics z

-> Word-topic- & topic-document-matrices

Document-based like Latent Semantic 
Analysis (LSA, Landauer & Dumais, 1997)
At retrieval: d ~ preceding words in 
sentence:

Pynte et al. (2008) found LSA-effects in 
GD and Wang et al. (2010) in TVT
-> Late processes?
Griffiths et al (2007): Topics often better 
than LSA

-> Can topical matches to previous 
sentence context account for long-range 
semantics? 

Recurrent Neural Network (RNN)

Input : Present word
Output: Next word to be predicted
Hidden Units: “Semantic” representation
Context: Hidden units of last word copied:
Trainable Connections:
Initialized with random weights
Training: The lower the output probability 
of the next word, the larger is the 
connection weight change 

Frank & Brod (2011): RNN predicts GD

Elman (1990); Mikolov (2012)

N-gram

Conditional probability that a 
word N occurs, given the two 
previous words, e.g.

N-2  N-1   N                      
We enjoyed the tasty ice cream.

-> P(N | N-1, N-2)

McDonald & Schillcock (2003): 
Transitional probability ~ 2-gram 
predicts SFD & GD

Wang et al. (2010): TVT, but not 
first fixation effects of 2-gram 
models in Chinese

Smith & Levy (2013): Kneser & 
Ney (1995) smoothed 3-gram 
model predicted GD data

-> Early and/or late proceses
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