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Introduction Experimental setup

MOTIVATION DATA AND MODEL EXPERIMENTAL PARAMETERS
Modeling the meanings of noun compounds is challenging . 280 English compounds
because they vary in terms of their degree of compositionality. with human compositionality ratings Preprocessing

(Cordeiro et al., 2019) # sequences | 10,100, 1k
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gn predicting t e. egreg of compositionality o noun compounds, (Devlin et al., 2019) Layers 0-12, all contiguous combinations
static word embeddings still outperform transformer-based models Ageregation | token-level, type-level
(Cordeiro et al., 2019; Garcia et al., 2021). MODELING APPROACH Pooli ’
For each compound: 00liNg ave, Sum
« Take a sample of corpus occurrences
RESEARCH QUESTIONS P P . Compositionality estimation
. Can BERT information be used more efficiently? » Feed each occurrence into BERT Direct bairwise cosine

and retain all provided embeddings

« How does BERT represent compound semantics? Composite ADD, MULT, COMB

 Use a subset of the embeddings

« Whatis the impact of compound properties? , - ,
to estimate the degree of compositionality — 41,496 parameter constellations

Results
Spearman’s rank correlation coefficient was used to evaluate EFFECTS OF LAYER SPANS ABLATION STUDY
the predicted vs. gold standard compositionality ratings. Mean performance on compound-level compositionality Effects of alternative parameters compared to best
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for the whole compound, the head, or the modifier, respectively. min_layer reduction in rho
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« We analyzed the frequency, productivity, — T o T — T — A
and ambiguity of compound heads 0.50 -
(cf. Schulte im Walde et al., 2016; 0.25 -
Alipoor & Schulte im Walde, 2020) = low
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« For each property, we created subsets - BN high
(56 compounds each) corresponding —0.25 1
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» Better for heads with lower frequency, productivity, ambiguity.
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