Phonetic variability minimally degrades word segmentation in infant-directed speech
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A common idealization in modeling language acquisition is that speech input is
represented as a sequence of phonemes. But the speech signal, even when directed to infants
[1], is gradient, with predictable allophonic variation, and less predictable rate of speech
effects like deletion and assimilation. Because young infants encode phonetic distinctions [2],
their speech intake includes information about such variation. We evaluated the impact of
encoding phonetic distinctions on word segmentation, the critical task of breaking up the
speech signal into discrete units.

We compared the performance of unsupervised word segmentation algorithms on
phonemic versus phonetically-transcribed infant-directed speech (IDS) in PhonProv [1]. The
PhonProv corpus has 31,000+ words [6970 utterances] from ~10 hours of interaction with 5
infants in the Providence corpus, an upper bound for ~1 day of speech addressed to infants.
Phonetic transcription in this corpus captures consonant variation (e.g., aspiration, flapping),
but not vowel variation.

Four algorithms in the WordSeg package [3] were compared: PUDDLE [4], and DiBS
[5] exploits segment phonotactics; TP, exploits transitional probabilities between syllables
[6], and an Adaptor Grammar (AG) model [7], that uses hierarchical Bayesian inference to
find words and segments. To simulate variation in the input received by individual infants, we
created ten balanced replicates, each containing 90% of the original corpus. Model
performance was evaluated using token F-scores, the harmonic mean of precision and recall
benchmarked against the gold (correct) segmentation. A baseline model that assigned word
boundaries randomly (p=0.5) was also included [8]. We report results from models that
segmented the entire corpus, as well as ones that were fed a much smaller corpus size
(1/10th) to simulate the earliest stages of word segmentation.

All models outperformed the baseline (Figure 1). Surprisingly, when trained on the
full corpus of IDS, there was only a small reduction in performance when the input encoded
phonetic variation (range: 0-0.07). The reduction in performance was greater (range
0.04-0.23) when phonetically transcribed adult-directed speech (ADS) in the Buckeye corpus
was segmented by TP, DiBS and PUDDLE [9]. Even with the corpus size reduced to a tenth,
reduction in F-scores was minimal in IDS for 3 of the 4 algorithms. What we did not replicate
was an overall advantage for segmenting IDS [10, 11; see 12 for similar findings as ours];
even the best segmentation performance here was lower than that reported for ADS [9].

Conclusion: We did not find IDS to be easier to segment. However, contrary to
findings for ADS [9], we found phonetic variation to be less detrimental to word
segmentation in IDS, even for small corpus sizes. This could be because the shorter
utterances in IDS allow for more segments at utterance edges, a prosodic position that
typically licenses allophony, providing cues to word boundaries, potentially aiding
segmentation. We will discuss the implications of these results for mechanisms by which
infants learn to segment words.



Figure 1: model accuracy when produced phonemic or phonetically-transcribed IDS
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