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How do infants acquire phonological categories and features from speech?
No explicit supervision
Poor lexical and phonotactic knowledge

Possible answer: By trying to remember what they perceive.

Limited memory — compression pressure (Baddeley and Hitch 1974)
Might favor language-like representations (Baddeley et al. 1998; Elsner and Shain 2017)
Percept modeling can provide immediate training signal
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Background

Lots of evidence for top-down influence on phoneme acquisition (Peperkamp et al. 2006;
Swingley 2009; Feldman et al. 2013)

But bottom-up perceptual evidence must also matter
How perceptually available are phoneme categories and phonological features?
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This study

Hypothesis: A learner trying to remember auditory properties of segments will discover
theory-driven phonological categories and features.

Experiment: Implement learner as computational model and inspect representations
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Deep neural binary stochastic autoencoder network

Compresses auditory features of speech segments into discrete 8-bit code
Decompresses code into original inputs

256 categories with which to describe perceptual world

Model optimizes fidelity

Research question: Do the optimized representations look like infants’ knowledge of
language?
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Prior work

Zerospeech challenge on unsupervised speech processing (Versteegh et al. 2015)

Unsupervised phone discovery (Vallabha et al. 2007; Lee and Glass 2012; Feldman et al.
2013; Antetomaso et al. 2017)

Word-level modeling
Not featural (phonemes are atomic)
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Data

Zerospeech 2015 challenge datasets

Xitsonga: ~2.5 hrs read speech, 24 speakers
English: ~5 hrs spontaneous speech, 12 speakers
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Xitsonga English
Model H C Vv H C \Y
Baseline | 0.023 0.013 0.016 | 0.006 0.004 0.005
-discrete,-speaker | 0.281 0.191 0.227 | 0.246 0.166 0.198
-discrete,+speaker | 0.302 0.185 0.230 | 0.205 0.180 0.192
+discrete,-speaker | 0.360 0.206 0.262 | 0.240 0.161 0.193
Full model (+discrete,+speaker) | 0.462 0.268 0.339 | 0.270 0.180 0.216

Large relative improvement (20-40x) over random demonstrates clear learning signal.
Speaker embeddings and binary neurons improve clustering.
Top-down guidance likely needed to refine representations.

(H)omogeneity, (C)ompleteness, (V)-measure
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Results: Feature Recovery (Quantitative)

+ Decompose phonemes into phonological features (Hayes 2011; Hall et al. 2016)
-+ Fit random forest classifiers: latent bits — distinctive features
+ Quantifies feature recoverability from logical statement on latent bits
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Conclusion

Percept modeling can support phonology learning
Top-down constraints likely needed for adult-like performance
Asymmetries in model performance mimic those of human infants

Graded feature recovery statistics suggest testable hypotheses about infant speech
processing



Thank you!

Code:
https://github.com/coryshain/dnnseg
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