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The end of phonology, or:
What kind of representation is relevant for the language user?

Background

Motivation Aim

= Many prominent models of auditory word recognition and comprehension = We propose an alternative, and rather simple, approach, introducing Time-
assume two levels of representation and processing [1-4]. normalised Mel-Spectral representations (TMS).

= Atthe prelexical level the audio signal is parsed into discrete abstract units = TMS representations preserve continuous spectrotemporal structure while
of various grain sizes, sequences of which are then used for lexical access. requiring only minimal preprocessing and abstraction of the acoustic

= Recentwork within the Discriminative Lexicon framework [5] has argued signal.
that lexical processing can be modelled using auditory representations
derived directly from the speech signal rather than discrete symbolic The Mel spectrum: spectral energy across Mel bands over time
representations [6,7]. = Frequencyin Hz does not correspond linearly to perceived pitch.

= Their model relied, however, on comparatively heavily engineered acoustic = The Mel scale was desighed so that equal distances on the scale
representations. correspond approximately to equal perceived pitch differences.

= Unlike a conventional spectrogram with linearly spaced frequency bins, the
Mel filter bank provides finer resolution at lower frequencies and

1000 Increasingly broader bands at higher frequencies.
6000 = Each token is represented by spectral energy across 21 Mel bands and
5000 time-normalised to 50 frames, see Figure 1.
4000 = Each column of the TMS representation in Figure 1 is then turned into a
L vector that is then concatenated with the vectors for each column.
3000 = Thatis, each cellin Figure 2 represents one cell in Figure 1, resultingin a
2000 vector of length 1051.
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normalised time Figure 2. Vectorised TMS representation of the same token of art work,
Figure 1. Time-normalised Mel-spectral representation of a token of art work, obtained by flattening the 21 x 50 Mel-spectral matrix into a fixed-length
showing spectral energy across 21 Mel bands over 50 normalised time frames. feature vector.

Phonology vs. the signal

Test setup

= Data: 971 noun-noun compound tokens (150 compound types) from the
Boston University Radio Speech Corpus [8], at least 3 tokens per type from
at least 2 different speakers

transformation matrix

= Forms: TMS vectors (token-level and centroids), phonological trigrams form matrix semantic matrix
= Semantics: context-dependent embeddings derived from BERT [9]
= Modelling: comprehension using linear discriminative learning [5], see cwC=C
Figure 3

= Accuracy testing regimes transformation matrix

= |Leave-1-out cross-validation G

= | eave-150-out cross-validation (= 10-fold cross-validation)

* The nearest neighbour of a predicted vector must be its observed Figure 3. lllustration of mapping between € and $S via F (i.e. comprehension),

vector and S and C via G (i.e. production).

= Continuous spectrotemporal representations can be used successfully

Leave-1-out Leave-150-out Strict nearest o , . . ,
cross-validation cross-validation neighbour to access meaning in the lexicon without involving abstract segmental
representations involving various researcher degrees of freedom.
Trigrams 0.976 0.187 0.173 .

Richly structured subphonemic detail constitutes a linguistically

TMS 0.984 0.187 0.173 Informative representational level for lexical processing and learning.

= OQOutlook: We are currently benchmarking TMS vectors against two earlier
approaches to form representations derived more directly from the
speech signal.

Baseline 0.018 0.007 0.010

= TMS vectors perform as well as phonological trigrams in predicting
semantic embeddings in all three testing regimes.
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