The Secret Source : Incorporating Source Features to Improve Acoustic-to-articulatory Speech Inversion
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* Acoustic-to-articulatory Speech Inversion (SI) *Results
0 6 * Comparison with baseline SI systems: XRMB dataset
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» To improve speech applications like ASR, speech synthesis, speech therapy
and mental health assessment
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°* Motivation for our work

> Learning proxy source level features (Aperiodicity, Periodicity and Pitch) to
leverage any source-filter interactions to improve SI task

» Effectiveness of Multi Task Learning (MTL) frameworks in learning parallel
tasks or related additional targets to improve SI

» Exploring different deep neural network (DNN) based model architectures (eg.
BiLSTMS, CNN-BiLSTMs, Temporal Convolutional Networks (TCN)) in
developing speaker-independent SI systems

Estimated T'Vs and Source Features

» LA and constriction degree TVs + source features for the utterance ‘second
children are often special’ estimated by the proposed TCN-SF-Audspec model
compared to the TCN-Audspec
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* Comparison with baseline SI systems: HPRC dataset

Model AVG. 9 TVs Avg. all
TCN-Audspec 0.4805 -
TCN-SF-Audspec 0.7573 (27.7%) 0.7636
TCN-Mspec 0.4763 -
TCN-SF-Mspec 0.6503 (17.4%) 0.6621
BIGRNN-MFCC 0.7118 -
BIGRNN-SF-MFCC 0.7153 (0.3%) 0.7263
CNN-BIGRNN-Mspec 0.7277 -
CNN-BIGRNN-SF-Mspec 0.7290 (0.1%) 0.7461
CNN-BLSTM-Mspec 0.7245 -
CNN-BLSTM-SF-Mspec 0.7259 (0.1%) 0.7428

*Input Acoustic Features

* Conclusions and Future Work

> Auditory Spectrograms (Audspecs)

* Sound signals in the auditory pathway undergo a series of complex
transformations and converts the acoustic spectrum of the stimulus into an
internal representation, called the auditory spectrum

* Enhanced and a noise-robust estimate of the Fourier-based spectrogram with
roughly a logarithmic frequency scale (Wang et al., 1994)

* Articulatory Datasets

* Temporal Convolution Network (TCN)

»The X-ray microbeam (XRMB)

» Naturally spoken isolated sentences and short read paragraphs collected from 32
male and 25 female subjects

» X-ray microbeam cinematography of the midsagittal plane

»Haskins Production Rate Comparison (HPRC)

> Recordings from 4 female and 4 male subjects reciting 720 phonetically
balanced IEEE sentences (IEEE, 1969) at normal and fast production rates (Tiede
et al., 2017)

» Recordings done using 5-D electromagnetic articulometry (EMA) system

» Three additional TVs: Jaw Angle (JA), Tongue Middle Constriction Location
(TMCL) and Tongue Middle Constriction Degree (TMCD)

Pre-processing module TCN Network
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Dilated TCN module

» Takes in the Audspecs as input and estimates both TVs and source level
features (aperiodicity, periodicity and pitch) as the output
» All models trained and evaluated in a ‘speaker-independent’ fashion

> Incorporating source features into the mix of TVs is helping the estimation of
articulatory variables and hence improving the performance of SI systems

» The proposed TCN model which uses Audspecs (or Mspecs) as inputs shows the
best improvement in performance

» The improvement in performance is consistent across two publicly available
articulatory datasets (XRMB and HPRC datasets)

» Both the input speech representation and the DNN model architecture play a role
in learning complex dependencies between the source and articulatory targets

» Further analysis needs to be done to investigate the ways and instances by which
the source features are actually interacting with the TVs and what the TCN
models are actually capturing as source-filter interactions
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