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Abstract
In everyday conversation, speakers’ utterances often overlap.
For conversation corpora that are recorded in diverse environ-
ments, results of pitch extraction in the overlapping parts may
be incorrect. The goal of this study is to establish the technique
of separating each speaker’s pitch contour from an overlapping
speech in conversation. The proposed method estimates statis-
tically most plausible fo contour from the spectrogram of over-
lapping speech, along with the information of the speaker to
extract. Visual inspection of the separation results showed that
the proposed model was able to extract accurate fo contours
from overlapping speeches of specified speakers. By applying
this method, voicing decision errors and gross pitch errors were
reduced by 63 % compared to simple pitch extraction for over-
lapping speech.
Index Terms: prosody, conversation, source separation, neural
fo model

1. Introduction
Prosody, which refers to the unique aspects of spoken language
such as intonation, rhythm, voice quality, etc. is a central theme
of the speech science. Among these aspects, pitch is most im-
portant. It is widely known that pitch is related to almost all
aspects of speech communication, e.g. lexical accent and in-
tonational phonology [1], languages and dialects [2], speaker
individuality including age and gender [3], paralinguistics [4],
social signals [5], and spoken language processing.

Today, corpus-based linguistics has become the norm.
However, it took the advent of a large-scale spontaneous speech
corpus, such as Corpus of Spoken Japanese (CSJ), to make
corpus-based phonetics realistic. The CSJ, and other corpora
as well, provide a rich collection of speech that is suitable to
investigate a wide variety of speech phenomena. Nevertheless,
they are not definitely suitable for studying speech in conversa-
tion. The main reason for this is that conversations in such cor-
pora were “set up” exclusively for the corpus construction. On
the other hand, collecting everyday conversations, rather than
set-up ones, is ideal from the perspective of ecological valid-
ity. The project of building the Corpus of Everyday Japanese
Conversation (CEJC) [6], is a major challenge that will bring
breakthroughs in the studies of speech and conversation. The
CEJC focuses on conversations embedded in naturally occur-
ring activities in daily life, without the exogenous intervention
of researchers imposing topics or displacing the context of ac-
tion [7]. It contains more than 200 hours of conversations of
various types that enable to capture the diversity of everyday
conversations and to observe natural conversational behavior in
our daily life.

In its individual-based recording, informants carried
portable recording devices and recorded her/his everyday activ-
ities in a variety of locations such as at home, office, or restau-
rants, etc. Because of the diverse environments, the quality

of the recording is not always satisfactory. The main problem
in analyzing the prosody of speech in the corpus is that each
speaker’s voice is not acoustically separated. In everyday con-
versation, speakers’ utterances often overlap, and the results of
pitch extraction in the overlapping parts may be incorrect. The
inaccurately estimated pitch contour makes it impossible to an-
alyze the prosody of conversational speech.

The goal of this study is to establish the technique of sepa-
rating each speaker’s pitch contour from an overlapping speech
in conversation. This technique allows us to quantitatively ana-
lyze the prosody of everyday conversation, which current tech-
nology cannot handle. The method applies the idea of fo con-
tour generation in neural speech synthesis, where the neural
fo model learns natural fo patterns that human can generate
from a large amount of speech data, and predicts statistically
most plausible fo contour under the constraints of the given
linguistic information. The proposed pitch contour separation
method provides the model with the acoustic signal of overlap-
ping speech instead of linguistic information, along with the
information of the speaker to extract.

2. Related studies

The pitch contour separation is considered as a part of a broader
class of problems called multi-pitch analysis. Its major applica-
tion is the automatic transcription of music [8]. Various ap-
proaches have been proposed, including iterative estimation on
the frequency domain [8], statistical modeling of multiple har-
monic structures [9], nonnegative matrix factorization with har-
monic constraints [10], and the “specmurt” analysis [11]. An-
other aspect of the multi-pitch analysis is the computational au-
ditory scene analysis for simultaneous speech [12]. A neural
comb filtering [13] is a typical work that has attempted to esti-
mate both pitches of concurrent natural speech.

The multi-pitch analysis is closely related to sound source
separation. Source separation techniques can be classified into
two categories: single-channel and multi-channel. In this paper,
the input to the model is assumed to be single-channel. How-
ever, in most recordings in the CEJC, each participant wore her
or his own IC recorder, so the recording was multi-channel. As
described later, the proposed method can be easily extended to
multi-channel input.

As fo models for text-to-speech synthesis, recurrent neural
networks (RNNs) have been successfully used [14]. To make
better use of temporal dependency in fo contours, autoregres-
sive neural fo models were proposed [15, 16]. In [16], dis-
cretizing fo values was proposed, as in the speech waveform
modeling by WaveNet [17], and claimed that the discrete fo

models generated accurate and less oversmoothed fo contours
compared to the continuous fo models.
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Figure 1: Typical recording situation of the CEJC.
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Figure 2: The architecture of proposed model.

3. The goal
In the typical recording situations of the CEJC, each participant
wore an IC recorder, in addition to the one placed in the cen-
ter. By using individual recording devices, the level of each
speaker’s voice becomes dominant in each recording device.
However, this cannot completely prevent other speakers’ voices
from intruding into the recording, resulting in an overlapping
speech (Fig. 1). The goal of this study is to separate each
speaker’s fo contour from the overlapping speech.

The current study assumes:

• Utterances of all the speakers are recorded by a central
IC recorder without being separated. To make the prob-
lem simpler and more general, multi-channel recordings
are not used in the current study.

• Identities of present speakers are known for given over-
lapping speech.

• The presence/absence of each speaker’s utterances, in
other words, speech activities, is known. The CEJC pro-
vides the information of manually-annotated utterance
unit including startTime / endTime, so this assumption
is reasonable for analyzing the prosody of the CEJC.

• The objective is to estimate the fo contour of each
speaker’s utterance from the overlapped speech.

To evaluate the precision of an estimated pitch contour,
ground-truth fo information is needed. However, this is not
available for the CEJC because it does not provide clean and
separated speech waveforms. Therefore, simulated overlapping
speech is used in this paper. By mixing two speech waveforms
of different speakers, the recording of the central IC recorder
is simulated. The ground truth is assumed to be the fo contour
estimated for the original waveform before the mixing by an
ordinary pitch extractor.

4. Network architecture
The architecture of proposed model is shown in Fig. 2. The in-
put of the model is the spectrogram of an overlapping speech,
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Figure 3: Loss calculation for Speaker A.
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Figure 4: Loss calculation for Speaker B.

represented by a N × D matrix, where N is the number of
time frames and D is the number of frequency bins. A stack of
convolutional layers, called Encoder, converts the spectral pat-
tern of each frame into some pitch features, which presumably
correspond to possible fo candidates, then passes them as a vec-
tor. The vector is then combined with the target speaker’s voice
activity information (1/0), as well as her / his speaker embed-
ding. For each time frame, the Decoder section, composed of
an LSTM layer, a fully-connected layer, and a softmax layer,
outputs a discrete fo value.

It is easy to extend the input to the encoder for further im-
provement. For example, appending the waveform from the
per-speaker IC recorder to the input will help the separation,
because the target speaker’s utterances were already enhanced.

5. Network training
To simulate the overlapping speech, two utterances of different
speakers are randomly sampled from a training corpus of clean
and separate speech. The second utterance is then randomly
shifted backward or forward. Finally, an overlapping speech is
created by adding these waveforms. The random pairing and
shifting are repeated for every epoch of training.

In the network training, the losses are accumulated for all
the present speakers in the overlapping speech. The detail for
a two-speaker case is described below. First of all, the spectro-
gram of the overlapping speech was calculated then encoded.
Then, the encoded vector for each frame is concatenated with
Speaker A’s embedding and voice activity information. The
decoder estimates the fo contour from the encoded sequence
(Fig. 3), then calculate the loss using Speaker A’s ground truth.
This process is repeated for the Speaker B, using the identical
encoded sequence of the spectrogram (Fig. 4).

Finally, the total loss is calculated by summed up the loss
for all speakers:

Loss =
∑

s∈{A,B}

(Lossfo
s + LossVUV

s ), (1)

Lossfo
s = −

∑
n∈VAs

tVUV
sn log(yfo

sn)tfo
sn
, (2)

LossVUV
s = −

∑
n∈VAs

(tVUV
sn log yVUV

sn + (1− tVUV
sn ) log(1− yVUV

sn )),

(3)
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where (y)t denotes the t’s element of the softmax output vec-
tor y; yfo

sn and yVUV
sn denote fo and voiced / unvoiced output

for the speaker s at the time frame n; tfo
sn denotes the index of

the discretized ground-truth fo; tVUV
sn denotes the ground-truth

voicedness (voiced: 1, unvoiced: 0); and VAs is a set of time
frame indices where speaker s’s utterance is present, which is
known (see Sect. 3). Note that the fo loss in Eq. (2) is taken into
account only for voiced frames.

The per-speaker decoding and loss calculation framework
described above is an elegant solution that is free from the per-
mutation problem [18], and can be easily extended to three or
more speakers.

6. Evaluation
6.1. Experiment conditions

As a dataset of clean, separate speech, the Simulated Public
Speaking Subset of the CSJ was adopted, from which utter-
ances that contain disfluency such as filler or hesitation were
excluded. The subset was then divided into training set consist-
ing of 98967 inter-pausal units (IPUs) of 344 speakers, “fine-
tune” set consisting of 7555 IPUs of 20 speakers not including
the speakers for training, and test set consisting of another 3238
IPUs of the same 20 speakers as the finetune set.

The waveforms were sampled at 16 kHz. The ground-
truth fo contours were estimated from the waveforms with the
YangSaf [19] algorithm with a frame shift of 5 ms. As in [16],
the fo values were quantized into 255 levels between 80 Hz and
600 Hz, equally spaced on the log scale. Its theoretical root
mean squared quantization error is 0.08 semitone.

For the spectral analysis, the waveforms were windowed by
a 640-point hann window with a frame shift of 5 ms, then FFTed
to convert to spectra. The spectrograms were the time series of
logarithmic amplitude spectra with a linear frequency scale.

The encoder was composed of a 32-channel 16× 1 convo-
lution layer applied with weight normalization [20], an ReLU
activation, and a 2 × 1 max pooling layer. The 16 × 1 con-
volution was meant for capturing harmonic structures, or peri-
odicity in a log spectrum, assuming time independence. The
decoder was composed of a bi-directional LSTM layer with a
dimension of 512 × 2, followed by a dropout layer, then fully-
connected layers for 255-level quantized fo value and voiced /
unvoiced decision.

The speaker embedding has 16 dimensions, each of which
was randomly initialized. Figure 5 visualizes the distribution
of learned speaker embeddings mapped to the first and second
principal components. As can be seen from the clear separa-
tion of female and male distributions, the learned embeddings
reflect the speaker individuality that helps to separate the indi-
vidual fo contour from the overlapping spectrogram. From the
author’s observation, the first and second components seemed
to correspond roughly to the overall pitch height and loudness
of the speaker, respectively.

In the following evaluation, the test was performed for
speakers that are not included in the training set. However, the
speaker embeddings for the target speakers must be known to
apply the proposed method. Since the purpose of this experi-
ment was to check the feasibility of the overall design of this
method, the embeddings for target speakers were also learned
this time. The estimation of embeddings for target speakers was
performed in the following manner. First, a temporary model
was trained with an extended dataset that combines the training
set and the “finetune” set. Once converged, the speaker em-
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Figure 5: Visualization of learned speaker embeddings. Red:
female, Blue: male. Digits represent the speaker ID in the CSJ.

beddings were frozen. Then, a new model was trained with the
training set using the speaker embeddings. Therefore, the utter-
ances of the target speakers were not used in the model training
itself. Currently, the “finetune” set was used only for this, and
no speaker adaptation was applied.

To apply this method to another corpus, we will need to
estimate the embedding of each speaker in the corpus, presum-
ably from her / his non-overlapping speech parts. The author
assumes that this is not as difficult as estimating embeddings
for unseen speakers for text-to-speech systems [21, 22], because
the speaker embeddings for the fo separation are mainly related
to the speaking fundamental frequency, as shown in Fig. 5. Re-
placing the above speaker embeddings with the ones estimated
by an off-the-shelf speaker model for speaker recognition could
be an option, but its effectiveness needs to be examined sepa-
rately.

6.2. Results

The proposed method worked great for most cases. Figures 6 to
8 illustrate several examples, each of which shows the ground-
truth fo contour before mixing, the estimated fo contour for one
speaker, and the one for another speaker. In the case shown
in Fig. 6, the final rising boundary tone of the female speaker
is successfully preserved, even though the part is overlapped
by the beginning of the male speaker. Figure 7 shows another
example of female and male speakers with interwoven fo con-
tours. In this example, the ground-truth fo of the male speaker
is wrong (pitch doubling) in the vicinity of 1.1 to 1.2 sec, due to
his creaky voice quality at the utterance final. The proposed
model even corrected such pitch extraction errors due to its
powerful fo modeling capabilities. Finally, Fig. 8 shows the
result for a case of two male speakers. Although the two fo

contours are very close to each other, the proposed method sep-
arated them quite well.

The accuracy of the proposed pitch contour separation
method was assessed using standard measures for the evaluating
pitch extraction algorithms [23, 24], as described below:

Voicing Decision Error (VDE) The proportion of frames for
which the voiced / unvoiced decision is wrong.

Gross Pitch Error (GPE) The proportion of frames where the
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Figure 6: True and estimated fo contours (1).

Figure 7: True and estimated fo contours (2).

estimated pitch is drastically different from the ground
truth. In this paper, an error was considered to be gross
when the difference between the estimated and ground-
truth fo exceeds 10 % ( = ±1.65 semitones).

Fine Pitch Error (FPE) The standard deviation of the differ-
ence between the estimated and ground-truth fo, for
which the difference does not exceed 10 %.

The errors were calculated only for the interval where each
speaker’s utterance is present.

Table 1 shows the result. Here, “no separation” is the result
of simply applying YangSaf to the overlapping speech. For non-
overlapping parts, these two conditions are not much different.
For overlapping parts, however, the pitch determination for at
least one speaker will always fail if not separated. With the
proposed pitch separation method, the voicing decision error
and gross pitch error was drastically reduced, as shown in Tab.1.

7. Conclusions
In this paper, a novel pitch contour separation method from
overlapping speeches was introduced. A neural network con-
sisting of a convolutional network and an RNN was trained
to estimate the pitch contour of a specified speaker from the
spectrograms of artificially mixed utterances of two speakers.

Figure 8: True and estimated fo contours (3).

Table 1: Quantitative evaluation of the proposed pitch separa-
tion method.

VDE (%) GPE (%) FPE (st)
no separation 10.72 17.50 0.33

proposed 3.99 6.56 0.34

The network learns what the pitch pattern of human speech
looks like and, using the specified speaker embedding as a clue,
finds the most probable fo among the candidates distilled from
the spectrum of mixed speech. Visual inspection of the sepa-
rated pitch contours suggests that the proposed method is very
promising for prosodic analysis of overlapping speech. A quan-
titative evaluation showed that the proposed method can reduce
the voicing decision errors and gross pitch errors by 63%.

Applying the proposed method to the real conversation cor-
pus CEJC is clearly the next step. Evaluating this method for
CEJC is not straightforward because the ground-truth fo is not
known — that is the very reason why the fo contour separation
is needed! To make the ground truths for evaluation, manual
annotation of the pitch contours of individual speakers for the
overlapping utterances will be needed. The proposed frame-
work is also expected to assist such annotation works, by inte-
grating with popular tools such as Praat to provide an intelligent
multi-pitch tracking interface with manual correction facilities,
similar to waypoints to alter routes in Google Maps.
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