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Although prominence in English noun-noun compounds has been described in terms of a binary left-

right stress distinction, the actual prosodic realisation of these expressions is far richer and more variable 

than such categorical labels suggest. Existing work has shown that many compounds allow multiple 

stress patterns across speakers and contexts [1, 2], but the precise phonetic basis of this variability and 

its theoretical interpretation remain unresolved. There is a substantial body of work linking compound 

stress to various semantic and lexical factors, including, e.g., semantic category, specificity and 

lexicalisation of the compound, semantic category and informativity of the constituents, and semantic 

relations between the constituents [1-5], but the nature of these connections has remained difficult to 

capture. The present study approaches this issue by analysing compound stress directly in the acoustic 

signal and by modelling how listeners could learn stress patterns from experience. 

Using 971 compound tokens from the Boston University Radio Speech Corpus [6], we derived 

continuous pitch trajectories from raw pitch data using generalised additive models that smooth micro-

prosodic variation, interpolate voiceless regions, and account for speaker-specific pitch realisation. 

Figure 1 illustrates the difference between raw pitch data and GAM-based pitch contours. K-means 

clustering of the GAM-based contours consistently yields two robust contour clusters corresponding to 

left- and right-stressed patterns, confirming the phonetic reality of the distinction while revealing 

considerable within-cluster variation (Figure 2). The cluster structure mirrors established phonetic 

findings [2, 7] but also demonstrates that what is typically labelled “right stress” encompasses a range 

of shapes rather than a single canonical contour (Figure 3). 

To investigate how such stress patterns could be acquired and used in comprehension and production, 

we implemented a linear discriminative learning model [8] to map between pitch contours and context-

dependent semantic embeddings computed using the large language model BERT [9]. In this 

framework, pitch patterns emerge not as abstract categories but as the outcome of statistical associations 

learned from experience between acoustic trajectories and the meanings related to them. The model 

successfully predicted compounds’ semantic embeddings from pitch contours, and vice versa, 

performing well above chance in both directions. The model requires no explicit stress labels, no 

categorical stress features, and no manually coded semantic relations or categories: stress is encoded 

and decoded through its distributional covariation with meaning in context. 

Taken together, our results suggest the following view of stress in English compounds. First, stress 

as encoded in the continuous shape of the pitch contour falls into two broad clusters without collapsing 

into rigid categories. Second, the variability observed across tokens and speakers is not noise but an 

interpretable signal that reflects both production differences and the contextualised meanings speakers 

express. Third, stress patterns can be learned in comprehension and production through discriminative 

mappings between acoustic trajectories and semantics, offering a dynamic alternative to categorical 

stress rules. In sum, the study provides empirical evidence for a view of compound stress grounded in 

the structure of the speech signal and its association with meaning in context, rather than in abstract 

stress categories or discrete semantic primitives. 

 



 

 
Figure 1: Panel A) shows the raw pitch points of single tokens of the compound health care produced by different speakers in 

different contexts; panel B) shows the individual pitch contours as predicted by the GAM; time is normalised 

 

 
Figure 2: The identified pitch contour clusters, with a non-linear average smooth indicating the general trend in the data; the 

vertical line in each panel is at the constituent boundary; time is normalised 

 

 
Figure 3: Pitch contours of three samples of three tokens each from the “right stress” cluster; each line represents one token; 

the vertical line in each panel is at the constituent boundary; time is normalised 
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