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® BaCkground » Humans learn new words meaning through language even in absence of direct experience with the words’ referent.

» Through language we can convey novel meanings and enable the combination of known concepts in novel semantic representations.

» The linguistic context in which novel words are learned is thus crucial for a successful encoding of their meaning.

» Distributional semantic models (DSMs) provide methods to quantify the fitting of a context in which novel words are learned. Such models have been found to predict human
performances in evaluating similarity between novel concepts derived by integration of two concepts (chimeras) and similar/dissimilar concepts (Lazaridou et al., 2017).
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®Discussion We observed a significant effect of semantic congruency in the N400 and a Late Negative ® Conclusions
Component. The first can relate to difficulty of integration during lexical access (Kuperberg et al., 2020), the latter 1) Semantic integration of novel meanings through minimal
reflects effort of semantic reinterpretation of sentences’ meaning following closure verification (Friederici et al., textual exposure elicit cerebral responses detectable by EEG
1999). These indexes reflect successful semantic integration of novel word meanings. 2) Context-sensitive distributional semantic measures predict
Context-sensitive measures of semantic similarity and surprisal significantly predicted N400 amplitudes. cerebral activity in a semantic-sensitive early time window
In detail, lower similarity between encoding and testing sentences, as well as higher surprisal related to the label Take Home Message:
in the testing sentence given the encoding context, were found to elicit stronger N400O. Interestingly, the LNC was During novel word learning, neural signatures of
modulated by condition only, not by computational measures. Results are in line with literature on existing words semantic integration are modulated by linguistic
in context (Michaelov et al., 2024) and add important information about the process involved in how we learn context and can be predicted by context-sensitive
novel words through language. computational models of distributional language use
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