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Abstract
In this paper we describe two unsupervised representations

of prosodic sequences based on k-means and Dirichlet Process
Gaussian Mixture Model (DPGMM) clustering. The cluster-
ing algorithms are used to infer an inventory of prosodic cat-
egories over automatically segmented syllables. A tri-gram
model is trained over these sequences to characterize speech.
We find that DPGMM clusters show a greater correspondence
with manual ToBI labels than k-means clusters. However, se-
quence models trained on k-means clusters significantly out-
perform DPGMM sequences in classifying speaking style, na-
tiveness and speakers. We also investigate the use of these se-
quence models in the detection of outliers regarding these three
tasks. Non-parametric Bayesian techniques have the advantage
of being able to learn a clustering solution and infer the num-
ber of clusters directly from data. While it is attractive to avoid
specifying k before clustering, on the tasks of characterizing
prosodic sequences we find that effective use of DPGMMs still
requires a significant amount of parameter tuning, and perfor-
mance fails to reach the level of k-means.
Index Terms: Prosodic Analysis, Speaking-style classification,
Nativeness classification, Non-parametric Bayesian models

1. Introduction
Prosodic variation is used to communicate a wide range of in-
formation. Emotion and speaker state are indicated prosodically
[1], contrast, topic and focus are indicated through prosodic
prominence [2], and syntactic attachment can, in some cases,
be disambiguated with prosodic information [3]. In addition to
these specific elements of information, at a broader level, dif-
ferent types of speech are communicated with distinct prosody.
Formal, prepared speech sounds different than spontaneous
speech. Individual speakers have idiosyncrasies that are quickly
recognizable. In this paper, we describe a sequential model-
ing approach over prosodic sequences to characterize speech
in terms of speaking style, nativeness and speaker. This work
builds on our previous work that explored these tasks using a
sequence model over pitch points, and over hypothesized and
manual ToBI labels [4].

There have been previous approaches to use clustering al-
gorithms to identify an inventory of prosodic categories. Levow
[5] used an asymmetric clustering algorithm as well as k-means,
finding a high agreement with ToBI tones on broadcast news
data. Ananthakrishnan et al. [6] used k-means, soft k-means
and GMM clustering of acoustic information and combined
this with lexical and syntactic priors to generate reliable pre-
diction of accenting and phrasing. Somewhat less work has
been done on constructing sequence models over prosodic cat-
egories. Early work by Wightman and Ostendorf used a transi-
tion model over ToBI labels to improve the performance of au-
tomatic ToBI labeling [7]. Shriberg et al. described “SNERF”

or Syllable-based Non-uniform Extraction Region Feature n-
grams [8]. These are quantized acoustic features drawn from
syllable regions. An SVM was trained on the frequency of
SNERF n-grams and applied to speaker recognition.

In this work, we represent prosodic sequences as a categor-
ical representation of acoustic/prosodic content drawn from se-
quences of syllables. The syllables that we use are identified by
an envelope-based psedudosyllabification algorithm (cf. Sec-
tion 2). We experiment with two clustering algorithms to gen-
erate representations of the acoustic information contained in
these syllables. We use the traditional k-means clustering, and
a Non-parametric Bayesian approach, Dirichlet Process Gaus-
sian Mixture Models (DPGMM). One of the limitations of k-
means is the requirement that the user must specify k ahead of
time. Non-parametric Bayesian clustering approaches have the
advantage that the number of clusters is inferred from data.

Our hypothesis is that that DPGMMs are an effective tool
to cluster prosodic inventories. There are two bases for this
hypothesis. First, by being able to learn the number of clus-
ters from data directly, the requisite tuning experiments to iden-
tify an effective number of clusters will be minimized. Second,
this model should effectively model prosodic inventories. The
DPGMM (as do many other Non-parametric Bayesian models)
have a “rich-get-richer” property. That is, the clusters that are
discovered first tend to grow quite large, relative to the popu-
lation of other clusters. This leads to a highly skewed distri-
bution of cluster sizes, often following a Zipf distribution. For
representing prosodic variation, this should be an effective rep-
resentation. In Standard American English, most syllables con-
tain no prosodic marking; they are not lexically or prosodically
stressed and they do not convey phrase ending indicators. Un-
der the ToBI framework, even within prominent syllables, pitch
accent categories also follow a heavily skewed distribution with
approximately 80% of pitch accents being either H* or !H* [9].

However, despite our best efforts, we find little evidence to
support this hypothesis. We find that k-means yields a more
effective representation of prosody for distinguishing speaking
style, nativeness and speaker. Our best explanation for this re-
sult may be due to the rich-get-richer property of the DPGMM.
Inspecting the cluster size distribution, we find that over 90% of
syllables are contained in the two largest clusters regardless of
hyperparameter settings.

2. Material
In this section, we describe 1) the corpora used in our experi-
ments, 2) the pseudosyllabification algorithm and 3) the feature
representation used.

Corpora: We model prosodic sequences to distinguish
speaking style, nativeness and speakers. The four speaking-
styles, READ, SPONTANEOUS, BROADCAST NEWS (BN) and
DIALOG, are drawn from three corpora. The Boston Direc-
tions Corpus (BDC) [10] contains spoken material from four
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speakers delivering both spontaneous elicited monologues and
reading their own spontaneous monologues approximately two
weeks after their original production. Each BDC file represents
a unique direction giving task. In total there are 50 minutes
of read and 60 minutes of spontaneous speech. Both are spo-
ken by the same four speakers. These two subcorpora will
be used to represent READ and SPONTANEOUS speech. The
Boston University Radio News Corpus (BURNC) [11] is a cor-
pus of professionally read radio news data. A 2.35 hour subset
from six speakers (three female and three male) has been anno-
tated with the full ToBI standard. Each file represents a para-
graph of BN speech. This material will be used to represent
the BROADCAST NEWS or BN style of speech. The Columbia
Games Corpus (CGC) [12] is a collection of 12 spontaneous
task-oriented dydactic conversations between native speakers of
Standard American English (SAE). In each session, two sub-
jects played a set of computer games requiring verbal commu-
nication to goals of identifying or moving images on a screen.
Neither subject could see the other participant. Each file rep-
resents a transcript from a whole game. The corpus includes
∼320 minutes of speech. The DIALOG material is drawn from
the CGC. It is valuable to note that this “dialog” material is eval-
uated based on one side of the dialog at a time; only one speaker
is present in any training or evaluation file.

In the nativeness classification experiment, we will com-
pare NATIVE or L1 speech drawn from the BURNC, to NON-
NATIVE or L2 speech productions of the same material. The
material contains two news stories drawn from BURNC: p –
computerized parole officers – and r – the Safe Roads Act.
The non-native material was read by 4 native Mandarin Chi-
nese speakers, between 25 and 30 years old, with 6 to 19 years
of experience with English. The non-native material has been
annotated using the ToBI standard. Each file in this corpus con-
tains a full BURNC story. While we refer to this corpus as non-
native or L2 speech, it is important to acknowledge that it only
represents L2 productions by native Mandarin Chinese speakers
rather than “non-nativeness” defined more broadly.

Pseudosyllabification: Our intention in this work is to
develop a completely unsupervised approach to modeling
prosodic contours. To that end, we use a syllabification algo-
rithm that requires no manual intervention or tuning to new
material. For this segmentation, we use a pseudosyllabifica-
tion algorithm described by Villing et al. [13] and implemented
in AuToBI [14]. This algorithm operates by assuming that
amplitude peaks are associated with syllable nuclei, and val-
leys are syllable boundaries. The waveform is passed through
an equal loudness filter, and a low-pass filter. Onset veloc-
ities are determined by the maxima of the filtered envelope
slopes. These onsets are used as candidate syllable bound-
aries. Boundaries are then selected based on a scoring func-
tion incorporating the velocity of the onset and spectral content
at the candidate vowel peak. An additional temporal filter is
applied to the candidate boundaries to suppress weak bound-
aries within 100ms of strong boundaries. This also serves to
eliminate spurious boundaries at the start and end of an utter-
ance. Any identified syllable region with a mean intensity be-
low 10dB is considered silence. The implementation used in
this paper is available as part of AuToBI and can be found at
http://speech.cs.qc.cuny.edu/autobi.

The hypothesized syllabic regions form the basis of the re-
maining experiments in this paper. The BURNC material con-
tains 45,598 hypothesized syllables, BDC-read 11,651, BDC-
spontaneous 13,739, L2 6,043, and Games 81,698. This leads
to a total data set of 164,729 hypothesized syllables.

Feature Representation: To maintain a low dimensional-
ity of feature representation for the DPGMM clustering algo-
rithm we identify a relatively small set of acoustic features to
describe the prosodic content of each syllable. We extract seven
acoustic/prosodic features including 1,2) the mean range nor-
malized intensity and delta, 3, 4) the mean z-score normalized
pitch (log f0) and delta, 5) the duration, 6, 7) the duration of pre-
vious and following pauses. While this is certainly an impov-
erished representation of the full range of prosodic variation, it
captures fundamental dimensions of variation corresponding to
phrasing and prominence.

3. Clustering
We apply two clustering algorithms to generate an inventory of
prosodic categories in this work.

The k-means algorithm operates by identifying k cluster
centroids and iteratively assigns data points to the closest cen-
troid and then re-estimates the centroid location as the average
of all assigned points. This is a simple and efficient clustering
algorithm. There are two major limitations of k-means. First
the results can be sensitive to the choice of the initial centroids.
Second, the user must specify a value of k before generating the
clusters. In this work, we investigate values of k between 2 and
20, and at intervals of ten between 30 and 100.

Dirichlet Process Gaussian Mixture Models (DPGMM) are
infinite mixture models with a Dirichlet Process prior over
the cluster distribution. We use an implementation of a stick-
breaking process for the Dirichlet Process [15]. For each sam-
ple there is a probability (governed by a Beta distribution) that
a point will be generated by an existing cluster, or a new, unas-
signed cluster. The metaphor here is to assume a stick of length
1. The Beta distribution determines how much of the remain-
ing stick is assigned to the next cluster. When a new cluster
is needed, the beta distribution determines where to “break”
the remainder of the stick. Within each cluster, the observa-
tion, here the acoustic feature vector, is modeled by a multi-
variate gaussian. While there is no closed form solution to fit a
DPGMM to data, both Gibbs sampling and variational methods
have been developed to perform inference.

In this work, we use a variational inference method based
on [16] and written by Tom Haines. It is available at: https:
//code.google.com/p/haines/wiki/dpgmm. This
implementation allows for two hyper-parameters which are pri-
ors over the scaling parameter β of the beta distribution. These
hyperparameters are the parameters of a Gamma distribution,
Gamma(α0, α1). We keep α0 fixed at 1, and select α1

from 75, 50, 10, 1, 0.5, 0.25, 0.10, 0.05. We note, how-
ever, that the choice of prior has little impact on the number
of resulting clusters; all clustering solutions are comprised of
11,11,11,18,15,13,13,13 clusters. Increasing α1 to 90 or greater
leads to singular matrices during fitting.

4. Experiments
In this section we describe three experiments. The first exper-
iment (cf. Section 1 examines the similarity between the in-
ferred clusters, and manual annotation of ToBI labels. The next
two experiments use n-gram sequential modeling to 1) classify
speaking style, nativeness and speakers (cf. Section 4.2 and 2)
recognize outliers by thresholding model likelihood (cf. Sec-
tion 4.3). In both experiments we use a tri-gram model with
back off and Good Turing smoothing. These models are trained
and evaluated using SRILM [17]. In all experiments, we use
clusters learned over all material described in Section 2.
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4.1. Consistency with ToBI labels

We evaluate the agreement between the categories learned by
unsupervised means to manually annotated ToBI Labels. We
construct class-cluster contingency matrices over all corpora.
We evaluate the class-cluster consistency using V-Measure [18].

Since each syllable can contain both an accent and phrase
boundary event, we calculate the correspondence between clus-
ters and accent types, and clusters and phrase-ending types sep-
arately. Figures 1 and 1 contains the V-Measures between k-
means, DPGMM clusterings and ToBI accent and phrase end-
ing labels respectively. The DPGMM V-measure values do not
vary by more that 0.001 under any hyperparameter setting.

Figure 1: V-measure of clusters and ToBI labels varying k in
k-means (in black) and constant DPGMM value (in gray).

We find that clusters learned with DPGMM are much more
consistent with manual annotation of ToBI labels than k-means
derived clusters are with 0.104 for accenting and 0.065 for
phrasing. We note that k-means with 10 clusters yields the high-
est consistency with ToBI labels with 0.0678 for accenting and
0.050 for phrasing These agreements are quite low; a perfect
correspondence would lead to a V-Measure of 1.0.

We attribute much of this agreement to the correspondence
of the large DPGMM cluster with the similarly large unaccented
and non-phrase boundary classes. The k-means clustering gen-
erate multiple partitions of both of these groups.

4.2. Classification
In this section, we evaluate the use of the inferred prosodic
clusters to distinguish speaking-style, nativeness and speakers.
In each of these, we train a sequence model independently for
each of the label. The evaluation assigns the class whose model
yields the smallest perplexity against a test sequence. We first
evaluate performance using 500 samples of sequences of 100
syllables randomly drawn from test utterances. To determine
how many syllables are required for reliable classification, we
also evaluate performance with shorter sequences. We also
compare the performance of the clusters to n-gram models over
manual ToBI labels. In each experiment we identify the optimal
hyperparameter setting using cross-validation and report the re-
sults on the test set.

In some cases 90% of data points are assigned to the same
cluster by DPGMM clustering. Thus we also experiment with
removing this large cluster from the mixture model (DPGMM’).
We find that for speaking style and nativeness classification that
this modification improves performance, suggesting that the
rich-get-richer quality of the clustering may be working against
us in these cases.

Speaking Style: We evaluate the use of sequential model-
ing over clusters for the classification of four speaking styles:
READ, SPONTANEOUS, BN and DIALOG. From each corpus,
we identify a single male speaker for testing: h2 for the BDC
material, m1b from BURNC and 101 from CGC. No training
material is spoken by the evaluation speaker. Table 1 contains
the results of these 4-way classification experiments. We find
that sequence modeling over k-means clusters outperforms the

k-means DPGMM DPGMM’ ToBI
(14) (75) (0.25)

Accuracy 86.6% 66.0% 67.4% 68.0%

Table 1: Speaking-style classification Accuracy

other three approaches by nearly 20%. We notice that omitting
the dominant cluster from DPGMM modeling provides a small
gain to classification performance, while ToBI labels yield only
modest performance on this task.

Nativeness: In this experiment, we examine the use of se-
quential modeling for the classification of speech as spoken by
a native or non-native speaker. The training and evaluation ma-
terial in this study is smaller than in the speaking style exper-
iments. We use only two stories from the BURNC for train-
ing and evaluation, p and r. The evaluation material includes a
single speaker – speaker m1b from the BURNC and s03 from
the Mandarin Chinese material. Table 2 contains the results
of these binary classification experiments. Again we find that

k-means DPGMM DPGMM’ ToBI
(40) (10) (75)

Accuracy 98.4% 90.8% 98.2% 94.2%

Table 2: Nativeness classification Accuracy

k-means clustering yields the best classification results. How-
ever, all approaches are able to perform quite well. The impact
of removing the dominant cluster from DPGMM modeling im-
proves classification performance by 7.4%. This performance
is achieved with a high value of k.

Speaker: In this experiment, we examine the use of se-
quential modeling for speaker identification. The training and
evaluation material is drawn from the four BDC speakers. We
collapse over read and spontaneous speech here, and use the
subjects first six responses for training and 7, 8 and 9 for testing.
Table 3 contains the results of these 4-way classification experi-
ments. Again we find that the best classification performance is

k-means DPGMM DPGMM’ ToBI
(70) (0.05) (0.5)

Accuracy 84.8% 47.0% 41.6% 63.0%

Table 3: Speaker classification Accuracy

obtained by modeling k-means clusters. Neither DPGMM vari-
ation generates competitive performance. Again, we find that
ToBI labels are unable to differences in prosodic sequences as
effectively as k-means clusters.

Impact of Sequence Length: To determine the influence
of sequence length on the classification performance, we eval-
uate each of these classifiers with 500 randomly selected se-
quences of length 10-100 syllables. A syllable has an aver-
age duration of 200ms, this can be interpreted as sequences
between ∼2 and 20 seconds. We plot the results of k-means,
DPGMM, DPGMM’ and ToBI labels on the three tasks in Fig-
ure 2. We find that on the Speaker and Speaking Style tasks,
that the k-means performance consistently dominates the other
three modeling approaches. On classifying nativeness, we see
that k-means performs better with shorter sequences – with the
exception of the performance of DPGMM with 10 syllable se-
quences. However DPGMM performance does not improve to
the same extent with longer sequences.

4.3. Outlier detection
In this set of experiments, we evaluate the ability of each repre-
sentation of prosodic contours to reliably capture the character-
istics of either the speaking style, speaker or nativeness setting

522



(a) Speaking Style (b) Nativeness (c) Speaker

Figure 2: Classification Results on varied-length sequences

in isolation. We construct these experiments as outlier detec-
tion tasks, where we train a single model on a single class. We
then determine the ability of each representation to accurately
identify members of the training classes by thresholding the per-
plexity under this model. As in Section 4.2, we evaluate using
500 samples of sequences of 100 syllables drawn from random
start points in test utterances. For each task, the best AUC and
corresponding EER is reported across parameters of k-means
and DPGMM and DPGMM’. We also report performance using
sequences of manually annotated ToBI labels. We then present
the performance of the best performing models with evaluation
sequences between 10 and 100 syllables.

Speaking Style: We train a sequence model on Games
Speakers 101-106. Table 4 reports the AUC of detecting the
remaining Games speakers from BDC and BURNC material.
Here, we find that k-means with k=2 is an effective detector of

k-means DPGMM DPGMM’ ToBI
(2) (0.1) (0.05)

AUC .902 .185 .807 .776
EER .192 .784 .278 .292

Table 4: Speaking-style detection performance.

speaking style, more effectively modeling prosodic sequences
for this task than ToBI labels. However, the best DPGMM
model performs outrageously poorly. Yet, if we omit the largest
DPGMM cluster from the modeling (DPGMM’), we find that
performance increases substantially, though not to the levels of
k-means but better than ToBI labels.

Nativeness: We train a sequence model on the material
from BURNC speakers f2b, m1b and m2b, using only the p
and r stories. Table 5 reports the performance detecting native
speech from non-native outliers using the L2 material and the 3
BURNC speakers. Here we find that all models are able to dis-

k-means DPGMM DPGMM’ ToBI
(13) (.5) (0.05)

AUC .972 .986 .976 0.952
EER .078 .064 .098 0.105

Table 5: Nativeness detection performance.

tinguish nativeness effectively based on sequences of syllables.
The removal of the majority cluster does not help the DPGMM
clustering as much in this task as elsewhere; this may be due to
relatively high performance on this task and the method used to
identify test sequences. Moreover, removal of the largest class
does not dramatically impact performance.

Speaker: We train a sequence model on one half of the
material from BURNC speaker f2b. Table 6 contains an ROC
curve of detecting outliers from the remaining 5 BURNC speak-
ers and other half of the f2b material. We observe again that
k-means generates the best performing results for this detection
task outperforming manual ToBI labels. Neither DPGMM con-
figuration is effective at distinguishing speakers.

k-means DPGMM DPGMM’ ToBI
(60) (50) (0.25)

AUC .829 .352 .360 .745
EER .226 .604 .593 .316

Table 6: Speaker detection performance.

Impact of Sequence Length: As in Section 4.2, to deter-
mine how much spoken material is required to achieve these
results, we evaluate this outlier detection approach using se-
quences from 10-100 syllables. We use the parameterizations
that yielded the best performance as reported in this Section.
Figure 3 contains a plot of the performance of each of the four
modeling approaches on each of the three tasks while vary-
ing the evaluation sequence length. On all tasks, the k-means

(a) Speaking Style (b) Nativeness (c) Speaker

Figure 3: Detection Results on varied-length sequences

performance decreases by approximately 0.2 AUC when reduc-
ing the sequence length to 10. This is consistent across mod-
eling style for nativeness recognition. On speaking style, the
DPGMM’ and ToBI decrease, but more slowly. The limited
performance if DPGMM and DPGMM’ on the speaker identifi-
cation task is clearly seen here.

5. Conclusions and Future Work
We hypothesize that DPGMM clustering is an effective ap-
proach to modeling the prosodic content of a syllable. Our ex-
pectation was to use k-means as a comparison to this, more so-
phisticated and more flexible, model. However, we learned 1)
that DPGMM clustering does not generate informative cluster-
ings of prosodic content for distinguishing speaking style, na-
tiveness or speaker, 2) while non-parametric methods are free of
the requirement of specifying a number of clusters a priori, the
resulting clusters is still dependent on hyperparameters which
require tuning and 3) perhaps most surprisingly, that k-means
derived clusters can be effectively used to model prosodic se-
quences, consistently outperforming ToBI labeling on all tasks.

DPGMM clustering may be limited by the dominance of
a single cluster. We had anticipated that the smaller clusters
would effectively capture unique qualities of speaking style, na-
tiveness or speakers. Despite exploring a wide range of hyper-
parameter settings, we find that the largest two clusters domi-
nate, covering more than 90% of all data points.

The acoustic/prosodic features we use in these experiments
are rather limited, and yet still effective. In future work, we will
explore clustering over a larger and more diverse set of features.
While DPGMM has been shown to be an effective density esti-
mation technique, we find that it is not well suited for cluster-
ing, we plan to explore a hybrid approach between k-means and
DPGMM to limit the impact of the “rich-get-richer” property
by using DPGMM mixture components to seed k-means, or us-
ing k-means solution to initialize the DPGMM mixture model.
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