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Abstract

Offline turn-taking annotation consists in classifying all transi-
tions in a spoken conversation into several categories, such as
smooth switches, backchannels, and interruptions. Previous re-
search has reported low accuracy in identifying interruptions,
possibly due to their infrequent occurrence in spontaneous spo-
ken dialogue, resulting in a scarcity of data to effectively train
machine-learning models. In this study, we explore three strate-
gies to increase the number of interruptions available in existing
corpora: 1) create copies of actual interruptions and subtly al-
ter their acoustic-prosodic characteristics; 2) generate artificial
interruptions at hold transitions, which are known to be prosod-
ically similar to the speech preceding interruptions; and 3) com-
bine the first two strategies. We report promising improvements
in classification performance when using these data augmenta-
tion techniques.

1. Introduction and previous work

Spontaneous conversation is more than just a sequence of or-
derly sentences; it thrives on rich interactions including smooth
and overlapping speaker transitions, backchannels, interrup-
tions, and failed interruptions, all contributing to complex dia-
logue dynamics. Observing these elements can provide insights
into the conversation’s development and outcome; for example,
a teacher might interpret a lack of backchannels as a student
struggling, while a customer representative might see repeated
interruptions as signs of customer frustration. Identifying these
turn exchanges can offer valuable paralinguistic information
that deepens our understanding of conversation flow. Thus, the
task of automatically annotating turn-taking transitions could
facilitate the analysis of large conversation volumes, for exam-
ple for addressing sociolinguistic questions and for analyzing
call-center interactions, among other practical applications.

This task can occur in two distinct settings: online and of-
fline. Research has mostly concentrated on the online setting,
where transitions are classified in real-time using information
available up to what Sacks, Schegloff y Jefferson (1974) identi-
fied as a transition relevance place — a moment when a speaker
change might happen [1]. Such an online task is typical for spo-
ken dialogue systems, which must continuously decide whether
to respond or keep listening. There is a vast amount of litera-
ture on this setting; e.g. see Skantze (2021) for a review [2].
In contrast, an offline setting gives access to the complete con-
versation, enabling the use of broader contextual cues around
each transition, including adjacent transitions, speaker activity
patterns, and remaining conversation time. Surprisingly, this
setting has been explored only sparsely.
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We build upon the work by Brusco and Gravano (2023),
who experimented with different machine-learning techniques
for classifying all turn-taking transitions in a conversation into
several categories, including smooth switches, backchannels,
and interruptions [3]. Their best-performing models consis-
tently showed poor performance for interruptions. A good can-
didate to explain these results is the low number of instances of
interruptions present in the three datasets used in that work, in
American English, Slovak, and Argentine Spanish.

In general, interruptions are known to be relatively infre-
quent compared to other types of turn transitions. As noted by
[1], participants tend to avoid interruptions and prefer to wait
for natural transitions. Consistently, [4] found in their cross-
cultural study that interruptions are less common, with smooth
transitions being more characteristic of natural dialogue.

The few interruptions available in the dialogues may pro-
vide insufficient training material for the machine-learning
models. In particular, prosodic variability is likely underrep-
resented in the data, making it difficult for the models to learn
the prosodic patterns that characterize different turn-transition
types, including turn-yielding, turn-holding, and backchannel-
inviting cues. These prosodic signals have been extensively
studied in the literature and are typically described as utterance-
final differences in pitch, intensity, speech rate, voice quality,
and pitch contour [5, 6, 7, 8], and they appear to be relatively
stable across European languages [7, 9, 10]. This limitation
is reflected in the feature-importance rankings reported in [3],
where acoustic features appear much lower than expected. In
short, the models do not have enough data to adequately learn
the prosodic properties associated with the different transitions.

To mitigate this issue, [11] experimented with different
oversampling techniques, but without much success. Thus, in
the present paper we seek to explore the question of what would
happen if we had a greater quantity and variety of interrup-
tions. We simulate having more interruptions by means of three
data augmentation techniques. In this way, we generate new
instances of interruptions, retrain the machine-learning models,
and compare the results, with the objective of improving the
classification rates of the models from [3] and [11].

In what follows, Section 2 describes the corpus of task-
oriented spontaneous dialogues in Argentine Spanish that we
used in our experiments. In Section 3, we describe the machine-
learning framework: algorithms, feature sets and other relevant
details. Section 4 presents the three data augmentation strate-
gies — the main contribution of this paper. Section 5 shows the
improvements obtained by using each strategy, and Section 6
discusses the main findings.
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2. Corpus

The UBA Games Corpus is a collection of dyadic conversations
in Argentine Spanish that were recorded following the Objects
Games paradigm [12, 8, 13]: each pair of subjects participated
in a series of collaborative computer games that require ver-
bal interaction. Each subject had a laptop displaying a board
with 5-7 objects. One of the subjects (the Describer) described
the position of a target object to their partner (the Follower),
whose job was to place that same object in the exact location on
their own screen. These task-oriented dialogues closely resem-
ble real-world settings such as call centers or teaching lessons
that also have two distinct speaker roles — roughly a leader (a
customer service representative, an instructor) and a follower (a
customer, a student).

Each Objects Game session consists of a series of 14 tasks,
with subjects alternating roles as Describer and Follower. The
subjects’ speech is not restricted in any way, and they were
awarded points on a 1-100 scale according to how well the
Follower managed to locate the target object. Sessions were
recorded in a soundproof booth, each participant using a lap-
top, and separated by an opaque curtain so that communication
was entirely verbal. At the end of a recording session, subjects
were rewarded with a modest monetary compensation for their
time and an extra bonus proportional to their awarded points.
We used only the first batch of sessions of this corpus, which
was collected in 2012 at the University of Buenos Aires (UBA).
14 subjects participated (7 female, 7 male), aged between 19
and 59 years (M = 28.6, SD = 12.7). All subjects agreed to
participate by signing a consent form, were native speakers of
Argentine Spanish, and lived in the Buenos Aires area at the
time of the study. Each session had exactly 14 Objects Games
tasks, totaling 6.4 hours of dialogue in this first batch.

Following [8], an inter-pausal unit (IPU) is defined as a
maximal sequence of words surrounded by silence longer than
50 ms, and a turn is a maximal sequence of IPUs from one
speaker, such that between any two adjacent IPUs there is no
speech from the interlocutor. A turn-taking transition is de-
fined as an event in which an IPU from the current speaker is im-
mediately followed by either a new IPU from the same speaker
or an [PU from the interlocutor (with or without overlap).

non-overlapping overlapping
transition transition
(S, Plor BC) (O, 1, Bl or BC_O)

Figure 1: Schematic illustration of a non-overlapping (left)
and an overlapping (right) turn-taking transition from IPUI to
IPU2, produced by speakers A and B, respectively.

All turn-taking transitions in the corpus were manually la-
beled by two trained annotators following the guidelines de-
scribed in [8] and briefly summarized next. These annotation
guidelines distinguish between two disjoint transition categories
(see Figure 1) — with no overlap (when the interlocutor starts
speaking after a short pause) and with overlap (when the inter-
locutor starts talking before the current speaker’s IPU has fin-
ished). Transitions with no overlap include:

* Smooth switch (S): the current speaker completes their ut-
terance; the interlocutor speaks after a pause;

* Pause interruption (PI): the current speaker does not com-
plete their utterance; the interlocutor speaks after a pause;
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* Backchannel (BC): after a pause, the interlocutor produces
an utterance such as “yeah” or “uh-huh” to show attention
and invite the current speaker to continue.

Transitions with overlap include:

* Overlap (O): equivalent to S, but with overlapping speech;

* Backchannel with overlap (BC_O): equivalent to BC, but
with overlapping speech;

e Interruption with overlap (I), equivalent to PI, but with
overlapping speech;

* Butting-in (BI): similar to I, but speaker B does not manage
to take the floor (i.e., this is an unsuccessful interruption).

Note that the difference between S and PI lies in whether
the current speaker has completed their utterance. This is
typically reflected prosodically through the presence of turn-
yielding cues in S and turn-holding cues in PI. In this sense, S
and PI are opposites, and they are particularly challenging for a
model to distinguish. The same applies to O and 1.

The corpus has 2043 instances of S, 664 O, 845 BC, 86
BC_O, 257 PI, 192 1, and 83 BI. In addition to these seven
main categories, there are other special transitions, including
Hold (H) and X2, that occur when the current speaker continues
speaking after a short pause or after a backchannel, respectively.
These special labels are described in detail in [13] and are omit-
ted in the present study, since they are almost always trivial to
annotate automatically.

3. Machine-learning framework

For our experiments, we took as our starting point the auto-
matic turn-taking transition classification models introduced in
[3] and [11]. There, the authors explored two algorithms: ran-
dom forest (RF) and recursive neural networks (RNN). In all
cases, RNN models outperformed RF, but at the expense of a
higher training cost. In the present study we choose to use the
best-performing configurations of RF models, since they allow
for greater exploration given their lower computational costs.
It is reasonable to assume that the results presented here could
also be improved using RNN, but we are interested in focusing
on finding out what relative improvements may be achieved by
means of data augmentation techniques.

Regarding the instance features, we use the set that was re-
ported to lead to the best results. These include the following,
computed for [PU1 and IPU2 (see Figure 1): IPU and turn dura-
tions in seconds, speech rate (in words/sec and phonemes/sec),
speaker gender and role, and number of IPUs in the turn. The
feature set also includes standard acoustic features, aimed at
capturing the prosodic variation found around turn transitions:
mean and stdev of pitch, intensity, logHNR, jitter and shimmer
— all computed over the final 1000 ms of IPU1 and the ini-
tial 1000 ms of IPU2; as well as pitch and intensity slopes —
computed over the final 250, 500, 750 and 1000 ms of IPUI.

Acoustic features are extracted from the audio signal using
the open-source toolkit openSMILE (version 2.2) [14]. This
tool extracts low-level audio descriptors by using a 50 ms slid-
ing window with a 10 ms step, thus producing a time series for
each acoustic feature. These five time series are then speaker-
standardized using z-scores and finally aggregated into means,
stdevs and slopes as indicated in the previous paragraph.

Two tasks per session and three complete sessions are sep-
arated as a held-out set. The remaining data (the development
set) is used for running the cross-validation experiments de-
scribed in the following sections. With this setup, the held-out
set contains speakers not present in the development set, as well



as additional tasks for speakers who are. To address the issue
of class imbalance in the data set, an oversampling technique
is used which consists in replicating instances in each training
fold until all classes have the same counts.

Our initial RF model (INIT) reaches a macro F1 score of
.597 on the development set. F1 scores for individual labels
are shown in Table 1. The performance is relatively low for
interruptions (I, PI, BI), which may reasonably be attributed to
the small number of instances available in the dataset for train-
ing. In the rest of the present paper, we describe three data aug-
mentation techniques for addressing this issue. We then train
identical models on the augmented data, and compare their per-
formance against the initial model.

4. Data augmentation strategies

In this section, we present three methods for generating new
interruptions. The first perturbs the acoustic characteristics of
existing instances, the second transforms hold transitions into
interruptions, and the third combines both approaches.

4.1. AUGI1: Perturbation of acoustic features

Our first data augmentation strategy (AUG1) consists in creat-
ing new copies of each instance of I, PI and BI, and randomly
altering their acoustic characteristics. As explained in Section
3, we consider five acoustic features: pitch, intensity, logHNR,
jitter and shimmer. For each feature, we extract two time series
(from the final 1000ms of IPU1; and from the initial 1000ms of
[PU2) by sliding a 50ms window with a 10ms step, and speaker-
standardize each time series.

At this point, we multiply each entire time series by a con-
stant o /= 1 chosen at random, which allows the overall shape
of the curve to be preserved while modifying its scale in a con-
trolled manner. We choose values of « close to 1 in order to
generate mild, plausible variations in pitch, intensity and voice
quality. We emphasize that each feature is multiplied by a dif-
ferent «, thus producing variations among features within the
same instance. The values for o are sampled uniformly from
[0.7,1.3], which yielded the best results after experimenting
also with [0.6, 1.4], [0.8,1.2], and [0.9, 1.1]. After scaling each
time series, we aggregate it into the same features described in
above: means, standard deviations, and slopes.

Using the AUGI strategy, we generate as many instances as
necessary of the target classes (I, PI, BI) to match the number
of instances of the most frequent class in the training set.

4.2. AUG2: Removal of turn-final IPUs

Our second data augmentation strategy (AUG2) is inspired by
one of the conclusions of [15]: “in task-oriented dialogue, in-
terruptions usually take place during or after [PUs that are more
similar to turn-medial IPUs than turn-final ones” (p.858). In
other words, turn-medial pauses are good candidates for inter-
ruption attempts to occur. Following this statement, our second
technique consists in generating new interruptions by trimming
conversation excerpts, so as to simulate an interruption where
originally there was a hold transition (H). This procedure may
be used for generating either new instances of PI (pause inter-
ruptions, with no overlapping speech) or I (simple interruptions,
with overlapping speech).

Figure 2 illustrates the procedure for creating a new in-
stance of PI. First we find IPUs 1 and 2 from speaker A, fol-
lowed by a smooth switch (S) to IPU 3 from speaker B. We pro-
ceed to delete IPU 2, and slide IPU 3 to the left. If we assume
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Figure 2: Generation of a new pause interruption (PI). Origi-
nally, there are two IPUs from speaker A followed by a smooth
switch transition to speaker B. We create a new instance of PI
by removing A’s rightmost IPU and moving B’s IPU to the left.

that A’s turn is now incomplete (because we have removed its
final IPU), then B’s new turn is an interruption. Thus, this meth-
ods creates a new instance of PI that replaces the original S, and
all of its features are computed as explained in the section 3.

Original:

A | 1 9
B: i 3
New: !
Nrer e —
B:—— ! 4 3 |_

Figure 3: Generation of a new simple interruption (I). Origi-
nally, there are two IPUs from speaker A followed by an overlap
transition to speaker B. We create a new instance of I by remov-
ing A’s rightmost IPU and moving B’s IPU to the left.

I

Analogously, Figure 3 illustrates how we generate a new
instance of I. We find IPUs 1 and 2 from speaker A, followed
by an overlap transition (O) to IPU 3 from speaker B. Again, we
delete IPU 2 and slide IPU 3 to the left. If we assume that A’s
turn is now incomplete, then B’s new turn is also an interruption.
Thus, the new instance of I replaces the original O.

Of course, assuming that A’s turn becomes incomplete after
removing IPU 2 is not necessarily correct, as this segment may
be an optional constituent. Still, an informal inspection of the
data suggests that this approximation is sufficiently reliable.

We create with the AUG2 method 347 new instances of PI
and 78 of I, increasing their total counts in the development data
set from 162 to 509 and from 150 to 228, respectively. Note
that we choose to remove the original instances of S and O that
were used for this, since those instances would be somewhat
correlated to the new ones. (As we will see below, this decision
may not be optimal, as it considerably reduces the training data
available for those two classes, with a corresponding impact on
the detection performance.)

4.3. AUG1+2: Combination of strategies

Next, we explore how to combine the two strategies described
above. We have considered several possibilities along dimen-
sions such as the proportion of new instances generated with
each strategy, and whether to apply the acoustic perturbations
from AUGI also to the instances created with AUG2. All com-
binations yielded comparable results, with little variation.

For brevity’s sake, in the next section we present the results
of one of the optimal combinations: 1) We create the same num-
ber of instances of I and PI as we did with AUG2, and we do



not apply acoustic perturbations to them. 2) We further generate
new instances with AUG1 until the dataset is balanced.

5. Results

We report first the results of our experiments conducted using
k-fold cross-validation on the development data set, with &k = 5.
We compare the performance of models trained on the original
data (INIT) with that of models trained on data augmented using
each of our three strategies (AUG1, AUG2, AUG1+2). Table 1
presents the number of instances available for cross-validation,
the F1 score for each label, and the overall macro F1 score. The
two labels of interest are highlighted in blue: pause interruption
(PI) and simple interruption (I).

S O BC BC.O PI I BI Macro
INIT: Initial model
Fl: 83 71 85 .58 36 41 44 597
N: 1393 488 527 54 162 150 o6l
AUG1: Perturbation of acoustic features
F1: 83 69 .85 .53 39 48 46  .604
N: 1393 488 527 54 1393 488 488
AUG2: Removal of turn-final IPUs
F1: 79 70 .88 .57 44 44 46 611
N: 1046 410 527 54 509 228 61
AUG1+2: Combination of strategies
F1: 79 67 .87 .62 45 48 46 .620
N: 1046 410 527 54 1046 410 410

Table 1: Model performance on the development set. F1 scores
averaged across all CV folds, and instance counts used for CV.

Regarding the number of instances, we first observe that,
given that it is easy scalable, the AUGI technique allows us
to balance classes PI and I against their competitors S and O,
yielding the same number of instances (1,393 and 488, respec-
tively). In contrast, AUG2 enables the creation of only a limited
number of new interruptions, at the cost of reducing the number
of S and O instances.

In terms of performance, we find consistent improvements
in the F1 scores of PI and I across all three techniques. Com-
pared to INIT, AUGI yields a larger gain for I (.41 to .48) than
for PI (.36 to .39), whereas AUG2 shows the opposite pattern,
improving PI more markedly (.36 to .44) than I (.41 to .44).
Interestingly, the combined AUG1+2 technique achieves the
largest improvement for both labels: PI (.36 to .45) and I (41 to
.48). In all cases, the F1 scores of the competing labels S and O
decrease slightly.

Next, we assess how well these results generalize to new
tasks, both for speakers present in the training data and for pre-
viously unseen speakers. We repeat the analysis of the AUG1+2
strategy on the held-out data. Table 2 summarizes the resulting
per-label F1 scores as well as the overall macro F1 score.

S O BC BCO PI I BI Macro

INIT: Fl: 84 .76 .88 .36 .10 .25 .14 476

AUG1+2: FI: .63 .61 .88 .36 .20 32 32 474
N: 553 169 262 29 51 41 22

Table 2: Model performance on the held-out set, and instance
counts used for validation (the same in all cases).

‘We again observe substantial performance gains for PI (.10
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to .20) and for I (.25 to .32), but in this case the performance
of the competing labels S and O shows a larger drop than in the
development data. This suggests that removing the original S
and O instances that were transformed into PI and I may not
have been optimal, and that retaining them could be a better
approach. Unlike the results on the development set, where the
overall macro F1 improves with all three strategies, here the
overall macro F1 remains unchanged.

In the Introduction, we hypothesized that the scarcity of in-
terruptions in the data prevented the models from capturing the
prosodic variability characteristic of turn-taking transitions. By
augmenting the number of interruptions, we would expect the
models to assign greater relative importance to the acoustic fea-
tures. Table 3 shows how the relative importance assigned by
the models to the acoustic features changes after adding new in-
stances. The first column shows that, under all three strategies,
features measuring pitch level rank higher on average. Notably,
features capturing the IPU-final pitch slope rank much higher
when using the AUG1 and AUG1+2 techniques. No improve-
ment in ranking is observed for the remaining acoustic features
(voice quality and intensity slope, in the third column).

Pitch level Pitch slope Other acoustic

INIT 233 253 25.6
AUG1 224 18.1 26.6
AUG2 22.6 27.6 26.6
AUG1+2 22.6 21.6 27.3

Table 3: Mean ranking of acoustic feature types according
to the feature-importance scores of the random-forest models.
Here, a lower number means a higher importance.

6. Discussion

In this paper, we have introduced three data augmentation tech-
niques designed to increase the number and variety of interrup-
tion instances available for training machine-learning models
that classify turn-taking transitions. The results show clear ben-
efits: all strategies improve the F1 scores of the two interrup-
tion labels of interest, PI and 1. These gains indicate that the
models are better able to capture the prosodic variability that
distinguishes different turn-taking transitions.

The feature-importance analysis further supports this inter-
pretation. After augmentation, acoustic feature types associated
with utterance-final prosodic cues — particularly pitch level and
final pitch slope — receive substantially higher rankings, sug-
gesting that the models rely more heavily on prosodic infor-
mation when sufficient training material is available. This re-
inforces the idea that interruptions are not only rare but also
prosodically diverse, and that expanding this portion of the
dataset helps models learn more informative prosodic patterns.

In this work, we have focused exclusively on prosody as a
source of disambiguating cues. However, turn-taking is also
shaped by linguistic content, and lexical or syntactic signals
may provide complementary information about when a speaker
is likely to yield or hold the floor. Exploring linguistic and
multi-modal cues is an active research topic (e.g., [16, 17]).

Finally, we deliberately restricted our augmentation tech-
niques to methods with low computational cost and minimal
modeling overhead, ensuring that they are easy to integrate into
existing machine-learning pipelines. However, a promising av-
enue for future work involves leveraging large language models
(e.g., [18]) to generate fully synthetic interruptions, which could
further enrich the training data available to the models.
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