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Humans predictively activate upcoming words using contextual information. Cloze probability 
(Taylor, 1953) is widely used to estimate the predictability of words (e.g. Kutas & Hillyard, 1984). 
Cloze probabilities are more directly related to human predictive processes than corpus 
probabilities are, but the relation between cloze and pre-activation is not well understood. One 
account, the Race Model (Staub et al., 2015), describes the cloze task as parallel activation of 
candidate lexical items, where the item whose activation reaches threshold first is produced. This 
winner-take-all process suggests that cloze probabilities may exaggerate differences in pre-
activation between items. In the current study we combine simulated race processes with 
distributional properties of human speeded cloze data to infer underlying activation dynamics. 
Surprisingly, the simulations reveal that cloze values may, in fact, underestimate differences in 
activation between items by overestimating the activation of less predictable ones.  

In the Race Model, the time for each candidate item’s activation to reach threshold (finishing 
time; FT) is different between items (“predictability”) and within the same item in different trials 
(“noise”). The cloze probability of a word is modeled as the probability of that word reaching 
threshold first (Figure 1). In a speeded cloze task (Staub et al., 2015) the response time (RT) 
reflects the shortest FT in each trial, plus some amount of time for articulatory planning. The Race 
Model successfully captures the inverse relation between RT and cloze: high cloze items are 
produced faster. It also captures a surprising effect of sentence constraint on RT: an item with a 
strong competitor is produced faster than a same-cloze item with weaker competitors. This is 
because an item must be activated quickly if it is to ever beat a strong competitor.  

Whereas Staub et al. created proof-of-concept simulations to capture broad properties of 
speeded cloze data, the current study simulated the distributional properties of the actual human 
RT data in Staub et al., including the properties of individual “races” (a sentence fragment with a 
set of candidate completions may be understood as one race). This revealed a striking anomaly 
in the correlation between RT and cloze. We generated sets of FT distributions using varying 
noise parameters: standard deviations (std) of 100, 300, or 500ms. The greater the std value, the 
steeper the slope of the relation between RT and cloze (Figure 3). Intuitively, when std is low, FT 
distributions tend to show little overlap, and so weaker competitors need to be faster in general 
to be produced in a certain probability (faster RT). When std is higher, weaker competitors with 
the same probability are produced more slowly (Figure 2). However, capturing the relatively steep 
slope of the relationship found in humans requires an FT std of around 500ms, which is unlikely, 
as it is as great as the RT std found in the human data which should include variabilities of 
articulatory processes (Figure 4). In other words, the puzzle revealed by the simulations is that 
items with slow FTs win the race more often than expected.  

This puzzle can be solved by assuming that noise is negatively correlated with predictability. 
New simulations showed that increasing the std of low predictability items but not high 
predictability items allows the model to match the slope of human data, while also capturing the 
limited RT variability in the human data (Figure 5 and 6). The assumption of uneven noise is also 
empirically supported. In Staub et al.’s data, the unbiased standard deviations in RTs of items 
produced ten times or more are larger for low cloze probability items than high cloze ones (β = 
−155.75, p < .001).  

Why do these findings matter? The simulations suggest that the RTs of low-cloze items are 
sampled from FT distributions with a high degree of variability. This in turn suggests that the mean 
FT of those low-cloze items is somewhat slower than suggested by the few trials on which those 
items “win” the race, (i.e., the observable RTs). This casts the relation between cloze and the 
underlying dynamics of pre-activation / predictability in a new light. Whereas Staub et al. 
concluded that in constraining contexts low cloze values may underestimate the strength of pre-
activation of those items, our findings suggest that those low cloze values may in fact be 
overestimates of the activation/predictability of those items on the trials when they don’t win. 
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Figure 1: A visualization of the Race model describing 
the distributions of FTs of competitors given the 
context “I would like to have a coffee with...”. Colored 
dots indicate the FTs of the candidate words in an 
individual trial. In this trial, milk is produced with the FT 
of 400ms. 

Figure 2: The relationship between the noise in FT 
distributions and RTs. Word 2 in these figures have the 
same cloze probability since they have FTs shorter 
than Word 1 with the same probability. However, the 
one with larger noise can have larger RTs. 

Figure 3: The slope of the negative correlation 
between cloze probabilities and RTs in human and 
simulated data. 

Figure 4: The distribution of unbiased std.s of each 
item’s RT (y axis) given the item’s cloze probability (x 
axis). Each point represents a variability of each item’s 
RT. 

Figure 5: The slope of negative correlation between 
cloze probabilities and RTs with uneven noise. 

Figure 6: The distribution of unbiased std.s of each 
item’s RT with uneven noise. 


