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Abstract
Zero-resource speech processing efforts focus on unsupervised
discovery of sub-word acoustic units. Common approaches
work with spatial similarities between the acoustic frame rep-
resentations within Bayesian or neural network–based frame-
works. We propose two methods that utilize the temporal prox-
imity information in addition to the acoustic similarity for clus-
tering frames into acoustic units. The first approach uses a
temporally biased self-organizing map (SOM) to discover such
units. Since the SOM unit indices are correlated with (vector)
spatial distance, we pool neighboring units and then train a re-
current neural network to predict each pooled unit. The sec-
ond approach incorporates temporal awareness by training a re-
current sparse autoencoder, in which unsupervised clustering is
done on the intermediate softmax layer. This network is then
fine-tuned using aligned pairs of acoustically similar sequences
obtained via unsupervised term discovery. Our approaches out-
perform the provided baseline system on two main metrics of
the Zerospeech 2019 challenge, ABX-discriminability and bi-
trate of the quantized embeddings, both for English and the sur-
prise language. Furthermore, the temporal-awareness and the
post-filtering techniques adopted in this work resulted in an en-
hanced continuity of the decoding, yielding low bitrates.
Index Terms: self-organizing map, gated recurrent unit, sparse
recurrent autoencoder, correspondence autoencoder

1. Introduction
Current speech technologies rely on large, extensively labeled
corpora to achieve good performance. Alas, such corpora are
only available in a small portion of languages due to the cost
of annotation. This is further compounded for languages with
a small population of native speakers or languages without an
orthographic form. Therefore, there have been a few efforts to-
ward bridging the gap between speech processing for resource-
rich languages and the so-called low-resource languages, in-
cluding the IARPA Babel program [1], the MediaEval spoken
web search task [2], and the Zerospeech challenges [3].

Previous iterations of the Zerospeech challenge have fo-
cused on discovery of acoustic units from a spoken training cor-
pus without any annotations. These learned representations are
required to allow utterance discriminability in vector space (e.g.
with DTW). The Zerospeech 2019 [4] extends this task by also
including a synthesis component. In addition to discriminabil-
ity, knowledge of the learned representation must be enough to
re-synthesize the utterance. The task is thus:

• Train units: Using the provided training corpus, learn
a set of representations corresponding to each acoustic
unit.

• Train voice: For a set of target speakers, decode each tar-
get speaker’s training utterances into the learned units,

and use this alignment information to train a speech syn-
thesis system for that speaker.

• Test: Decode the test utterance and use the decoded se-
quence to synthesize the same utterance in the target
speaker’s voice.

In the context of acoustic unit discovery, one approach has
been to use infinite mixture Bayesian models with Dirichlet-
process priors such as Dirichlet-process HMM-GMMs [5, 6]
and Dirichlet-process GMMs [7, 8]. Another approach has
been to use neural networks in the form of autoencoders [9, 10]
or Siamese-style networks with labels obtained from unsuper-
vised term discovery (UTD) systems [11, 12], temporal prox-
imity [13] or GMM clustering [14].

In the first of our two submissions, we train a self organiz-
ing map [15] to cluster the speech frames into ordered classes,
and a gated recurrent unit (GRU) neural network to predict these
units. We modify the training of the SOM to incorporate neigh-
boring frames when updating a class to account for the temporal
continuity of the acoustic frames. Since unit index distance also
corresponds to spatial distance, we pool SOM classes within
some neighborhood to model within-class variability and form
acoustic units which the GRU is then trained to predict. Each ut-
terance is then represented as a sequence of one-hot vectors ob-
tained by quantizing (hard maximum) the output of the GRU’s
softmax layer and removing repetitions.

For the second submission, we adopt a recurrent (GRU) au-
toencoder with a hidden softmax layer whose dimensions cor-
respond to the acoustic units. The network is first trained to
minimize the reconstruction error on the input sequence with
an additional sparsity cost (to reduce quantization error) on the
intermediate representation. Furthermore, we use a UTD [16]
to detect matching sequences and use DTW to align them at the
frame level. The recurrent autoencoder is then finetuned (with
a lower learning rate) to construct corresponding frames from
each other. The final representation is obtained by quantizing
the intermediate representation and removing repetitions.

For the synthesis, we use the provided baseline system,
which is based on the Merlin toolkit [17] in both submissions.
It was necessary to quantize our representations since the syn-
thesizer requires one-hot embeddings with no unit repetitions.
The next section describes our systems in more detail and in
Section 3, empirical results are provided.

2. System Description
We have two systems which are described below. The first is a
Self-Organizing Map-Recurrent Neural Network (SOM-RNN)
hybrid, and the second is a Correspondence Recurrent Sparse
Autoencoder (CoRSA).
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2.1. SOM-RNN

For the first system, we use an SOM to cluster the frames and
train an RNN to predict the (subsampled) cluster labels. The
SOM provides a way to obtain labels for the RNN training.
Moreover, the correlation between neighboring frames of the
SOM allow us to model within-class variability.

2.1.1. SOM with temporal continuity

SOMs perform an iterative unsupervised clustering of vectors
into ordered units such that neighboring units have a low dis-
tance in vector space. We modify the SOM in this work to also
cluster temporally proximal frames into neighboring units in or-
der to leverage the temporal continuity inherent in speech.

Given a sequence of speech frames,X = [x1,x2, . . . ,xN ],
the task is to assign the each frame to one of a set of centroid
vectors, U = {u1,u2, . . . ,uc}. For training, first we define the
exponential window function:

wα(p, q) = e−α(p−q)
2

. (1)

For each xt ∈ X , we determine the “winning” class:

dt = argmini||u
i − x̄t||2 (2)

and update the units in its neighborhood:

ui(m+ 1) = ui(m) + η(m) · wαu(dt, i)(x̄t − ui), (3)

where m is the iteration index and x̄t is a weighted average of
the frames around xt:

x̄t =

∑N
n=1 wαt(t, n)xn∑N
n=1 wαt(t, n)

. (4)

Thus, each unit is updated not just with a single frame but with
a succession of them. Note that αu and αt are hyperparameters
that control the rate of decay of the unit and temporal windows
respectively, while η(m) is the learning rate.

The units are initialized by randomly sampling from the
training features. The sampling procedure is repeated several
times and the permutation with the most variance is kept. Then
the training procedure is iterated until convergence. Afterwards,
a sequence of labelsD = [d1, d2, . . . , dN ] is obtained and used
for RNN training.

2.1.2. RNN with SOM labels

After training the SOM, we train an RNN to predict the labels
obtained from the SOM units. However, since neighboring units
in the SOM are correlated, we pool them together to obtain a
new sequence of labels, D̃ = [d̃1, d̃2, . . . , d̃N ] such that:

d̃i = ddi/ke (5)

where k is the pooling width of each unit. Thus instead of using
each unit, we use a collection of neighboring units to represent a
frame; this pooling can be thought of as mapping from context-
dependent to context-independent phones, and we found that it
improves the ABX by about 0.03 on the development set.

We train a bidirectional GRU with 2 hidden layers with 24
units and a dropout rate of 0.4 on each layer to predict the new
labels. The optimization is done with Adam [18] using the de-
fault parameters, including a learning rate of 10−3. The other
hyperparameters of the system are given in Table 1.

Table 1: SOM-RNN Hyperparameters

Parameter c αt αu k η(0)
Value 128 0.5 0.1 4 0.01

2.1.3. Embeddings description

In each submission, we provide three representations on which
our systems are to be evaluated. For the SOM-RNN system,
these are:

(i) Test: This is the final representation on which synthesis
is performed. It is obtained from the softmax output of
the GRU. Since the baseline synthesis system which we
use requires embeddings in one-hot form with no repeti-
tions, we quantize the softmax outputs thus.

(ii) Auxiliary-1: This representation is obtained from the
SOM directly. For a given frame, its distance from each
cluster centroid is computed. The distances are multi-
plied by 0.01 (a hyperparameter) and their softmax is
computed get the embedding.

(iii) Auxiliary-2: This embedding is the same as the Test
embedding, except that two of the hyperparemeters are
changed, namely c = 64 and k = 3. This results in a
trade-off some ABX discriminability for reduced bitrate.

2.2. Correspondence Recurrent Sparse Autoencoder

In the second system, we trained a recurrent sparse autoen-
coder (RSA) to obtain an alternative and compressible frame-
level representation. The decoder (and the encoder) contain a
gated recurrent unit (GRU) based RNN layer and a feed-forward
dense layer. Speech features are fed into the input layer of
this autoencoder and a sparse representation is obtained through
an intermediate feed-forward softmax layer, using the hidden
state activations of the network at each timestep, yielding a
posteriorgram-like sequence. This intermediate representation
is expected to act as the ‘hidden’ or the ‘unknown’ states (the
sub-word units to be discovered) of the sequence observation.
To enforce sparsity of this representation, this layer is penal-
ized with negative L2-norm, so that the representation would
become closer to one-hot vectors, hence reducing the quantiza-
tion error when they are eventually converted to one-hot vectors
for compression and baseline synthesizer training.

In addition to the sparsity, a temporal continuity cost is
also applied to the intermediate layer so that the consecutive
frames are more likely to soft-output the same state. The RSA
architecture is given in Figure 1 (left). The input sequence
xt ∈ RD×T produces the sparse posteriorgram representation
pt ∈ [0, 1]K×T via a GRU layer and a feed forward softmax
layer, which is then used to generate x̂t at the output, to emu-
late xt, where D and K are the input dimensionality and the
number of states, respectively. The combined cost is given in
(6).

J =
∑

t∈1···T

||xt − x̂t||2 − λ1||pt||22 + λ2||pt − pt−1||2 (6)

This network is then fine tuned in similar fashion to the cor-
respondence autoencoder [19], with pairs of acoustic segments
belonging to the same cluster. These pairs are obtained using
an unsupervised term discovery (UTD) system [16], and the
frames of each pair are aligned through dynamic time warping
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GRU

Dense + softmax

Dense

GRU

x̂t 2 RD⇥T

xt 2 RD⇥T

pt 2 [0, 1]K⇥T

GRU

Dense + softmax

Dense

GRU

x̃t 2 RD⇥Txt 2 RD⇥T

x̂t 2 RD⇥T

x̃t = �(yt)

Figure 1: The RSA (left) and the correspondence RSA (right)

Table 2: CoRSA Hyperparameters

Parameter Value

# GRU neurons 128
K (embedding dimension) 64
T (for RSA training) 150
λ1 0.2
λ2 0

(DTW). The correspondence autoencoder (cAE) system pre-
sented in [19] is frame-level, i.e. the frames that are believed
to belong to the same class are used to generate each other in
through a feed-forward autoencoder. The cAE in [20] contains
RNNs, but the main idea there is to obtain a fixed length em-
bedding which is used to generate the similar sequences. In this
work, however, we align the similar sequences using DTW so
that a combination of [19] and [20] is obtained to obtain a bet-
ter representation of a sparse posteriorgram on the intermediate
layer. The correspondence RSA (CoRSA) is depicted in Fig-
ure 1. All pairs of similar sequences xt and yt, obtained via
UTD are aligned via DTW to yield the alignment path Φ. The
RSA network is then trained to generate the aligned sequence
x̃t = Φ(yt) from the encoding obtained by feeding xt on the
input. It should be noted the reverse is also carried out, that is
ỹt = Φ−1(xt) is also used with yt as input.

The network is trained with Adam optimization [18], with
a learning rate of 10−3 for the RSA, and 10−4 for fine tun-
ing it via CoRSA. The other hyperparameters of the system are
given in Table 2. Note that we decided to use λ2 = 0 in the fi-
nal submission as it led to better results on the discriminability
task, probably at a cost of reduced synthesis accuracy. We have
also experimented with stacked GRU layers at the decoder and
encoder. As expected, these networks did a better job at recon-
structing the speech features, however the learned intermediate
representations turned out to perform significantly worse on the
discriminability task.

2.2.1. Temporal Filtering

The low bit-rate embeddings of the test utterances are obtained
by treating the posteriorgram as the sequence of posterior prob-
abilities of the underlying sub-word units. Despite the recurrent

structure of the encoder and the continuity cost included in (6),
the one-hot representation exhibits erroneous and unmeaning-
fully short state assignments on the encoding. To alleviate the
adverse effects of such behavior on both discriminability and
synthesis tasks, we applied a temporal continuity filtering on
the one-hot sequence ot, obtained by detecting the maximum
activation of each frame of pt by taking the median of each
state activation on a sliding window. Figure 2 demonstrates the
embedding obtained by CoRSA and the effect of temporal fil-
tering, on one sample real utterance of Zerospeech 2019 En-
glish test set. The posteriorgram on the left is very much like a
phone posteriorgram or a Gaussian posteriorgram, even though
no supervision was applied on this representation during train-
ing. The median filter corrects the islands of possibly incorrect
state assignments and reinforces long lasting sequences. This
procedure helped notably in reducing the bit-rate without dras-
tically hurting the discriminability test performance.

st
at
e

time

Figure 2: Post filtering for efficient temporal compression, the
posteriorgram is reduced into a 3 symbol sequence

2.2.2. Embeddings description

The three representations generated by this system in our sub-
mission to the Zerospeech 2019 challenge are as follows:

(i) Test: The maximally-compressed embedding, obtained
by removing the repeating sequences of the median-
filtered ot. The filter order is taken to be 5. For instance,
the sample test sequence in Figure 2 is compressed down
to 3 states.

(ii) Auxiliary-1: Frame-level sparse intermediate posterior-
gram activations converted to one-hot vectors (ot)

(iii) Auxiliary-2: Frame-level sparse intermediate posterior-
gram activations (pt), no quantization is applied.

3. Experiments
3.1. Experiment Setup and Data Description

The experiments are conducted on the two languages provided
in the challenge: English and the surprise language. The
English language corpus is used for system development and
hyperparameter selection, while the surprise language corpus,
later revealed to be Standard Indonesian collected in [21, 22], is
used strictly for test. Within each language, there are three data
sets of interest:

(i) Unit training set: A collection of utterances (about 15h
total per language) by numerous speakers to be used for
training the acoustic unit discovery model.
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(ii) Voice training set: A collection of utterances by the tar-
get speakers to be used for training acoustic models for
synthesizing each speaker’s speech. The development
language has two target speakers, each with over 2 hours
of training utterances, while the surprise language has
one target speaker with about an 90 minutes of training
data.

(iii) Test set: A collection of utterances (about 30 minutes
total per language) which are to be decoded into the dis-
covered units. Some of these utterances are also to be
used for synthesis in the target speakers’ voices.

The input features for both our systems are 13-dimensional
PLP features. We perform per-speaker cepstral mean and vari-
ance normalization (CMVN) and a further pre-filtering (expo-
nential decay with rate 0.95 across feature dimensions) on the
PLP features to reduce the effects of speaker variability.

3.2. Evaluation Metrics

The submissions to the Zerospeech 2019 challenge have been
evaluated based on the discriminability performance and the bi-
trate of their embeddings, and the quality of the synthesized
wave files using these embeddings.

To assess the discriminability of the produced embeddings,
a machine ABX score, also referred to as ABX error rate, is
calculated as in the previous Zero Resource challenges [23].
The synthesized wave files are evaluated by the judges based
on their intelligibility through the transcription character error
rates, speaker similarity, and the overall quality of the synthesis
on a 1 to 5 scale, yielding a Mean Opinion Score (MOS).

3.3. Experimental Results

The provided baseline system consists of an acoustic unit dis-
covery system based on HMM [6] with Dirichlet process pri-
ors, and a speech synthesizer based on Merlin [17], trained in
an unsupervised fashion using the same available data to the
participants. The topline system on the other hand, is trained
using supervision (on gold labels), and consists of a pipeline of
an automatic speech recognition system piped to a trained TTS
system based on Merlin.

The performance of our proposed methods compared to the
baseline and topline for the ABX and MOS metrics are listed in
Table 3. Our systems’ results along with other submissions to
the challenge are provided in Figures 3 and 4.

For the surprise language, the test embedding of CoRSA
and the second auxiliary embedding of SOM-RNN outperform
the baseline system in terms of both ABX and bitrate, thus
achieving a more compressed and discriminative representation
of the speech. The temporal-awareness and post-filtering tech-
niques adopted in CoRSA especially resulted in enhanced con-
tinuity of the embeddings, and achieved a higher level of com-
pression than even the topline system. Although the SOM-RNN
outperforms the topline on the ABX task in the development
language, it does not do so in the surprise language implying a
sensitivity to hyperparameter choice.

Since our contribution was purely to the unit discovery part
of the challenge, we used the baseline synthesis system, and our
synthesis results were on par with the general trend of the MOS
vs. bitrate performances.

Table 3: The performance of the proposed systems on Indone-
sian and English. X is the SOM-RNN system and Y is the CoRSA
system as described in the previous section.

Surprise (Indonesian) English
System MOS ABX Bitrate MOS ABX Bitrate
Baseline 2.07 27.46 74.55 2.5 35.63 71.98
Topline 3.92 16.09 35.20 2.77 29.85 37.73

X 1.84 24.16 121.03 2.42 25.69 92.37
X - aux1 - 12.29 1732.67 - 18.92 1216.31
X - aux2 - 24.46 66.86 - 28.37 49.97
Y 1.46 27.26 29.46 2.02 35.86 34.66
Y - aux1 - 22.21 279.48 - 30.35 275.85
Y - aux2 - 10.87 1732.67 - 18.57 1216.31
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Figure 3: ABX scores vs. bitrate for all embeddings produced
by the challenge participants on the surprise language
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Figure 4: MOS vs. bitrate for the synthesized wave files of the
challenge participants on the surprise language

4. Conclusion
We have described the two systems our group submitted to the
ZeroSpeech 2019 challenge, primarily contributing to the unit-
discovery aspect. The first approach used a self organizing map
to cluster the speech frames into classes, and an RNN to pre-
dict these units, whereas the second approach utilized a novel
RNN-based sparse autoencoder and temporal post-filtering. Al-
though we were unable to improve on the synthesis part of the
challenge, both of systems performed better than the provided
baseline system on the ABX discrimination task.
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