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Abstract
Conversational overlaps, i.e., instances where two or
more participants speak simultaneously, are a preva-
lent feature of human communication, influencing con-
versational dynamics and speaker roles. While pre-
vious studies have mainly analysed and categorised
them based on competitiveness, this paper focuses on
the roles of individual speakers within these overlaps.
Our study is based on instances of overlapping speech
from a corpus of casual, spontaneous dyadic conver-
sations, from which we extract acoustic features and
communicative function labels that were created man-
ually. Using XGBoost for classification, we find that
overlaps as coming from an overlappee or overlapper,
can be discriminated with a balanced accuracy score
of approx. 75 %. Our analysis of feature importances
shows that the communicative function along with the
intensity levels are the key indicators in identifying
speaker roles during overlaps. This study contributes
to our understanding of conversational dynamics and
provides insights applicable to making turn-taking in
human-computer interaction more natural.
Keywords: overlapping speech, conversational speech,
turn-taking, acoustic prosodic features

1. Introduction
Spontaneous speech exhibits the natural phenomenon
of overlapping speech. That is, more than one inter-
locutor speaking at the same time for any duration
during a conversation. This can happen through back-
channelling to convey agreement or interruptions to
compete for the role of the foreground speaker [1],
[2]. It has been shown that overlapping speech is
not affected by the familiarity of the speakers, nor
whether the conversation is of a multi-party or dyadic
nature [1], [3]. In addition, the existence—and usage—
of overlap has an impact on various areas of speech
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processing, for example on the error rate of speaker
diarisation in meeting room conversations [2], [4].
Overall, it has been shown that overlaps occur in var-
ious corpora, dyadic and multi-party, albeit to a dif-
ferent degree. For instance, the dyadic task-oriented
Columbian Games Corpus [5], with a total of nine
hours of orthographically transcribed dialogue, con-
tains 1 329 segments of overlap [6]. In [7], it was
shown that from 27 hours of call centre conversation,
9 858 overlap segments were obtained for a duration
of approximately four hours. In the ISCI Meeting
Project [8], it was shown that 8,8–17 % of words and
31,4–54,5 % of spurts were overlapped [1], [4]. Based
on a total of 9 816 segments of a subset of this corpus,
[9] showed that 46 % were overlap instances. In [10],
five meetings from the multi-party AMI Meeting cor-
pus [11] were shown to contain in total 509 overlap
segments.
Related work focused on few major areas. The first
being classification of the competitiveness of over-
laps with respect to turn-taking. The most common
approach is differentiating competitive versus non-
competitive using acoustic features, such as [7] with
low-level features like pitch, loudness, energy, or voice-
quality, among others. [9] utilised (besides prosodic
features of speakers) contextual data, pausing, du-
ration and placement of the overlap, and turn com-
pletion. In [10], head movement and speaker’s gaze
was additionally incorporated to identify competitive
and cooperative overlaps. More granular categories of
competitiveness were tested in [12], but rejected for
the binary classification using (contextual) frequency
features and overlap onset types.
Other research areas include the detection and utili-
sation of overlap data in speaker diarisation [2], [4] or
the characterisation of speech during interruptions [6].
It is common notion to define the participants in
an overlap as overlappee (EE) and overlapper (ER).
This definition is based on whose current turn unit
started prior [12], but can be interpreted as who initi-
ated (overlapper) the overlap and who did not (over-
lappee) [13].
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In this paper, we investigate whether the acoustic infor-
mation in the overlap and surrounding context for any
overlap participant contains sufficient information—
despite having a rather small dataset, such that it can
be automatically classified whether those instances of
speech comes from the overlappee or overlapper. By
using prosodic and durational features along with la-
bels representing the communicative function in turn-
taking, we do not only build a classification model
but also gain insights with respect to the relative
importance of our features to the disambiguation of
overlappee and overlapper. In a second classification
experiment, we explore the feasibility of deducing the
communicative function of the speaker’s turn from
the acoustic characteristics of the overlapping speech.

2. Materials and Methods
2.1. GRASS corpus
For the analysis of overlaps, we use the Graz corpus
for Read and Spontaneous Speech (GRASS) [14], [15],
a speech corpus containing spontaneous dyadic con-
versations. For one hour, 19 pairs of adult speakers
of Austrian German who knew each other well prior
to the recordings talked about self-chosen every-day
topics, while no experimenter was in the room. The
speakers were recorded with close talking head-sets
(AKG HC-577L) on separate channels in a high-quality
recording studio.
All conversations were manually transcribed ortho-
graphically using Praat [16]. Additionally, 300 sec-
onds of turn-taking annotations were annotated manu-
ally in the form of inter-pausal units (IPUs) (i.e., Inter
Pausal Units with a 150ms criterion) and point of po-
tential completion (PCOMP) annotations (i.e., points
of potential completion in an utterance, indicating
possible turn-taking opportunities based on syntactic
criteria) on separate tiers for 14 conversations (i.e., 28
speakers, male and female) [17].

2.2. Overlap Extraction
The overlap detection from these 14 conversations
was done with TextGridTools [18], using orthographic
transcriptions and forced alignment based word bound-
aries [19]. Only overlapping talk was considered, so
any overlap caused by laughter, breathing, or similar
was ignored. Utilising the precise boundaries and
timestamps from the phonetic segmentation, we de-
termined the overlap type for each interlocutor of an
overlap as either overlappee (EE) or overlapper (ER).
For each speaker in an overlap, we obtained the
PCOMP label of the respective turn as a categori-
cal turn-taking feature. If an overlap spanned over
multiple labels, the overlap was split into multiple data
entries based on the manually annotated turn-taking
intervals. For further processing and simplification,
the PCOMP labels were, as in [20], grouped to either
hold (i.e., all labels indicating that the same speaker
continues speaking), change (i.e., all labels indicating
that the floor is given to the interlocutor), or hrt
(i.e., a label for backchannels and other (also) lexical

Table 1: Grouping of PCOMP labels in the dataset.
Original label Grouped label
hold

hold

cont
part
q-part
hes
coll
disruption

change
changequestion

incomplete

hrt hrt

Table 2: Number of grouped PCOMP labels per overlap
type.

Overlap Type
PCOMP Label EE ER Total
hold 299 236 535
change 216 126 342
hrt 65 215 280
NA 19 22 41

tokens providing feedback without yielding the floor),
as shown in Table 1. Note that combined labels, e.g.
hold question, were prior grouped with their first
label. This is an acceptable choice according to [17],
but leads to an interchange of 47 and 30 labels from
hold to change, and vice-versa, due to change and
question being mostly combined with labels from the
hold group.
In total, 1 198 data entries were obtained from 598
overlaps, varying from 7 to 120 overlap pairs per con-
versation. The numbers of specific PCOMP labels per
overlap type are shown in Table 2, already hinting
at tendencies of EE for change, ER for hrt, and an
(almost) equal distribution of hold labels. Overall,
41 turns were marked as uncertain or unable to be
determined.
In addition, two durational features were extracted.
Based on the word boundaries of both speakers, we
computed the duration of the turn-based overlap. Us-
ing this the percentage of the speaker’s turn in the
overlap was calculated as a relative overlap time fea-
ture.

2.3. Acoustic prosodic feature extraction
Similar to [21], pitch tracking and frequency extraction
were performed on the intervals using pYAAPT [22],
a Python implementation of Yet Another Algorithm
for Pitch Tracking (YAAPT) [23], and peak detec-
tion using detecta [24]. Frequency (F0) values were
extracted with pYAAPT’s default configuration, i.e.
analysis frame length of 35 ms and frame spacing of
10 ms. Intensity (RMS) values were calculated using
a block processing algorithm with a window time of
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25 ms and a step time of 10 ms.
To enhance stability for shorter segments, we added a
buffer of 0,4 s to both ends of the source time frame.
This was exclusively applied during pitch tracking only,
the values corresponding to the original timestamps
were extracted for further processing. The values were
normalised using the speaker’s respective mean and
standard deviation to transform them to z-scores [10],
[12].
We extracted F0 and RMS values from the overlap-
ping speech and its context, separately. As context,
we considered either the immediate neighbouring turn,
if it exists, or otherwise the previous/subsequent re-
maining part of the overlapping turn, EE and ER,
respectively. If an overlapping turn has no immediate
neighbours and is fully in overlap, there is no context.
For each data entry, we computed mean, standard
deviation, minimum valleys, and maximum peaks for
the normalised F0 and RMS values. In addition, the
steepness per sample of the linear polynomial fit on
the value’s curve was computed as slope for both
features [12]. Due to the significant amount of missing
values from peak detection, minimum and maximum
features were dropped. This results in six acoustic
features.
Furthermore, six delta features were calculated by
comparing each acoustic feature of the overlap with
the corresponding feature of the contextual time frame,
i.e. δµ,RMS = µov

RMS − µctx
RMS.

2.4. Classification
For classification, we used PyCaret [25] to predict
overlap types and PCOMP labels with an Extreme
Gradient Boosting (XGBoost) classifier. The model
was chosen from a stratified 10-fold cross-validation
using a 70 % train-test-split.
No imputation was performed, all rows with missing
values were dropped. Constant imputation for delta
features was tested, but not further pursued due to
negligible changes in performance, resulting in the
removal of circa 30 rows.
In total, this leaves us with a dataset of 1 126 data en-
tries. The full data set contains 16 features, including
the two respective targets, split into five categories, as
explained in Table 3. For the binary classification of
overlap types, PCOMP labels were one-hot encoded.

3. Results
3.1. Discriminating EE and ER
We use balanced accuracy (BACC) and F1 scores as
performance metrics. Furthermore, to gain insights
with respect to the impact of the features, we look
at the features’ importances and SHapley Additive
exPlanations (SHAP) values [26].
Besides the full feature set, we construct two addi-
tional sets: The first omits the PCOMP annotations
to analyse the dependency of the model on the labels.
The second is based on insights gained from the full
feature set and contains only the six most important
features (delta RMS values, RMS slope, and both

Figure 1: Feature importances for overlap type classifi-
cation on the full feature set. Only ten most important
features shown.

temporal values), as well as the PCOMP label.
The performance metrics per feature set on the holdout
data are shown in Table 4. The ten highest importance
scores on the full feature set are shown in Fig. 1, the
computed SHAP value per feature of each data entry
in Fig. 2, highlighting which feature realisations drive
the model to the overlap types. Furthermore, the
mean absolute SHAP values per feature and overlap
type are shown in Table 5 for the reduced feature set.

3.2. Classifying communicative functions
For the multi-class classification of the three PCOMP
labels, the model performs comparatively poorly. On
the holdout set, it achieves a BACC of 49,96 % and F1
scores of 61,45 %, 28,22 %, and 58,82 % (hold, change,
hrt respectively). Due to the mediocre performance,
we did not further pursue the classification nor any
improvements.

4. Discussion
Overall, the XGBoost classifier demonstrates reason-
able efficacy in differentiating between the overlappee
and the overlapper with a balanced accuracy score
of circa 75 %. We show that F0 features and acous-
tic non-delta features are weighted as less important
and show no strong impact on the classifier’s output.
In contrast, contextual RMS values, especially mean
and slope, show some interpretable relation: An over-
lapper, mostly at the start of their overlapping turn,
speaks with an “increased” loudness compared to the
other person and themselves if they continue talking
after the overlap. Speaking at roughly the same in-
tensity, or even less, indicates still a slight tendency
towards EE, but less noticeable.
In addition, if the overlap duration is relatively small,
or a large portion of the turn is in overlap, the model
tends strongly towards ER. Considering the high
count of hrt in ER, this seems logical, as this type
of turn tends, in general, to be shorter. On the other
hand, an overlappee’s turn tends to last longer until
the (comparatively short) overlap occurs.
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Table 3: Features available in the full feature set, including target(s).
Category Features # Features
Overlap Type Overlappee (EE) or overlapper (ER) 1
Turn-Taking PCOMP label of overlapping turn 1 †

Durations Duration of overlap, and percentage of turn that is in this overlap 2
Acoustics Computed mean, standard deviation, and slope for F0 and RMS 6
Deltas Same features as acoustics, computed as e.g. µov

RMS − µctx
RMS 6

† As a feature, the label is one-hot encoded into 3 binary exclusive features.

Table 4: Performance metrics per feature set on the
holdout data.

F1 Score
Feature Set BACC EE ER
Full 75,06 % 76,40 % 73,75 %
w/o PCOMP 76,41 % 77,22 % 75,60 %
Reduced 75,95 % 77,31 % 74,61 %

Table 5: Mean absolute SHAP values per feature and
overlap type on the reduced feature set, sorted by sum of
SHAPs.

Mean Abs. SHAP
Feature Name EE ER
delta rms slope 1,35 1,69
rel ov time 0,82 0,96
delta rms mean 0,87 0,89
rms slope 0,70 0,98
ov dur 0,79 0,80
delta rms std dev 0,78 0,75
pcomp label hrt 0,19 0,32
pcomp label change 0,27 0,23
pcomp label hold 0,06 0,07

Regarding PCOMP annotations themselves, change
and hrt have a noticeable, if slightly minor, impact,
shown through the high importance for hrt and the
clear distinction in SHAP values. Omitting this fea-
ture shows that the model does not strictly depend on
the label, as its performance metrics remain largely
unchanged, varying slightly by less than three percent-
age points. This might hint to uncertainties induced
by hold or atypical change and hrt labels.
In addition, we construct a reduced feature set, con-
taining the six most relevant features and the PCOMP
label. Despite the reduced feature complexity, the re-
duced set shows slight improvement. In addition, we
see that, again, hold has little impact on either tar-
get. The other two labels show clearer tendencies, but
are still not as relevant as the acoustic and duration
features, most prominently both RMS slope features
and relative overlap time for ER.

5. Conclusion
In this paper, we demonstrated the potential of tree-
based classifiers to differentiate between overlappee

Figure 2: SHAP values per feature computed on the full
feature set. Negative SHAP drives the output towards EE,
positive to ER.

and overlapper using acoustic prosodic and temporal
features, together with categorical turn-taking labels
available within and surrounding the overlap. While
certain turn-taking categories tended to have a more
significant impact on the classification performance
than others, the label itself showed less importance
than the durational and acoustic prosodic features.
Our classification experiments on determining the
turn-taking label as target based on the acoustic
features derived from the overlap performed poorly.
Given our small data set, we can not draw conclusions
yet about whether this low performance is caused
by an insufficient amount of data points for each
turn-taking category, or whether indeed the acous-
tic features of the overlap do not differ enough to
disambiguate the PCOMP labels.
To conclude, our work contributes to overlap analy-
sis, including the consideration of additional features,
such as speech rate or overlap onset time, incremen-
tal feature selection approaches, and more granular
context detection to prevent overly long context win-
dows or influences from other overlaps. Our findings
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may inform future studies on conversational dynamics
and presents relevant insights applicable to human-
computer interaction, where the timing in turn-taking
still poses significant challenges.
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