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Towards Sub-word Unit Discovery in Zero Resource Scenario:

An Approach Based on Graph Neural Networks
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Abstract: Zero resource speech technology aims for discovering discrete units in the limited amount of
unannotated, raw speech data. The previous studies have mainly focused on learning the discrete units from
acoustic features, segmented by fixed small time-frame. While achieving high unit quality, they suffer from
high bitrate due to the time-frame encoding. In this work, in order to lower the bitrate, we propose a novel
approach based on discrete autoencoder and graph convolutional networks. We exploit the speech features
discretized by vector-quantization encoding. Since the maximum number of the discretized features is
predetermined, we consider a directed graph where each node represents a discretized acoustic feature, and
each edge transition from one feature to another. Using graph convolution, we extract and encode the
topological feature of the graph into each node, and then we symmetrize the graph to apply spectral
clustering on the node features. In terms of ABX error rate and bit rate estimation, we demonstrate that our

model successfully decreases the bitrate, while retaining the unit quality.
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Model ABX ABX error Bit rate
error rate  rate (Lev.)
(Cos.)
supervised
ASR[1] 29.41 29.85 37.73
VQVAE[12] 20.71 37.95 167.02
VQCP(][8] 13.25 27.70 417.89
REFIE 17.93 22.02 271.76
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