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Words that are unexpected in sentence context require more cognitive effort to process, as 
reflected in slower behavioral responses (e.g. reading time) and increases in evoked neural 
activity (N400 amplitude). Although behavioral and neural measures often pattern together, 
there are also important differences between the two that suggest that they index different 
aspects of the comprehension process[1,2]. A fundamental goal in psycholinguistics is to 
characterize the sentence processing algorithm that underlies these effects, potentially 
capturing both their similarities but also their differences. No existing process model of language 
comprehension has successfully accounted for both reading times and N400 responses within a 
unified framework. Here, we show that predictive coding[3,4]—a biologically plausible algorithm 
proposed to implement perceptual inference in the brain—provides such a framework. 

Method. We utilize a temporal predictive coding model of sentence processing[5,6]. This model 
processes each word in a sentence by iteratively updating a latent state representation over 
time to minimize two prediction errors: a bottom-up error, i.e. the difference between the word 
input and its reconstruction from the current latent state; and a temporal prediction error, i.e. the 
difference between the current latent state and its prediction from the previous latent state. The 
model infers the best explanation for the current word given its context by converging to a stable 
latent state that minimizes these errors. We use GloVe embeddings as word inputs and trained 
the model on the Brown corpus. As a proxy for a word’s reading time, we use the number of 
iterations needed for the latent state to converge to a stable value. As a proxy for the N400, we 
compute the cumulative influence of bottom-up prediction error on latent state updates across 
inference (see Algorithm 1). Using a dataset of reading times and N400s for identical 
materials[7], we hypothesized that the analogous model-derived measures would explain 
unique variance in each. Specifically, we regressed go-past reading times and N400s on model-
derived measures. 

Results. We find a double dissociation between the model-derived measures and the 
behavioral and neural outcomes (see Table 1). For reading times, a greater number of iterations 
to convergence was significantly associated with slower reading times, and likelihood ratio tests 
confirmed that removing this predictor significantly reduced model fit. By contrast, cumulative 
bottom-up influence was not predictive of reading times, and its removal did not harm model fit. 
For N400 amplitudes, the pattern reversed: larger cumulative bottom-up influence was 
significantly associated with more negative N400 amplitudes, and likelihood ratio tests 
confirmed its contribution to model fit. Number of iterations to convergence was not associated 
with N400 amplitudes, and removing it did not reduce model fit. 

Discussion. These results demonstrate that predictive coding can account for both neural and 
behavioral measures of sentence processing. Crucially, both measures derive from a single 
underlying inference algorithm (see Algorithm 1), yet they capture functionally distinct aspects of 
that process, potentially explaining why behavioral and neural measures have different 
properties: the number of iterations to convergence indexes the total time required for the 
system to integrate bottom-up input with contextual expectations into a stable interpretation, 
mapping naturally onto go-past reading times; in contrast, the cumulative bottom-up influence 
indexes how much information the input had to contribute to activate representations not pre-
activated by prior context—which the N400 has been argued to reflect[1,4,8]. More broadly, this 
demonstrates that predictive coding offers a promising, interpretable framework for studying 
brain-behavior relationships in comprehension, and for generating testable hypotheses about 
when and why neural and behavioral measures diverge. 



Outcome Model-derived predictor β range p range χ² (LRT) p (LRT) 

RT # Iterations to convergence 8.2 to 9.1 .001–.003 8.64–10.35 .001–.003 

RT Total bottom-up influence 5.9 to 8.3 .07–.19 1.72–3.27 .07–.19 

N400 # Iterations to convergence -0.03 to -0.06 .19–.50 0.46–1.68 .20–.50 

N400 Total bottom-up influence -0.18 to -0.20 .003–.007 7.38–8.63 .003–.007 

Table 1. Mixed-effects regression results testing whether model-derived measures explain 

unique variance in N400 amplitudes and go-past reading times. All predictors were z-scored. 

Due to collinearity, each model-derived predictor was tested under two residualization schemes: 

residualized on control variables only, or residualized on controls plus the other predictor. 

Ranges reflect estimates across both schemes. β = standardized coefficient; χ² = likelihood ratio 

test (LRT) comparing the full model to a model with that predictor removed. Control variables 

included word length, orthographic neighborhood density (OLD20), position in sentence, and 

cosine distance of GloVe embedding of the current word input from the previous word input. 

Random intercepts were fit for each word. 

  Algorithm 1. Word-by-word inference 

under the trained temporal predictive 

coding model. For each word, the latent 

state is iteratively updated to minimize 

bottom-up and temporal prediction 

errors. Reading time is defined as the 

number of iterations to convergence, 

and the N400 is defined as the 

cumulative influence of the bottom-up 

error on the latent state change during 

inference. 
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