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Abstract

Conducting natural turn-taking behavior takes a crucial part in
the user experience of modern spoken dialogue systems. One
way to build such system is to learn those behaviors from
real-world human-to-human dialogues, which have the most di-
verse and fine-grained turn-taking actions than any manual con-
structed sessions.

In this paper, we propose a Dataset - FTAD which could be
used to learn turn-taking policies directly from human. First, we
design an annotation mechanism to transform existing human-
to-human dialogue session into structural data with most fine-
grained turn-taking actions reserved. Then we explored a set
of supervised learning tasks on it, showing the challenge and
potential of learning complete fine-grained turn-taking policies
based on such data.

Index Terms: turn-taking, spoken dialogue systems, dataset

1. Introduction

Building a human-like spoken dialogue system (SDS) requires
not only precise dialogue engine but also a smart timing con-
troller, i.e. turn-taking policy. Researches have shown that a
good turn-taking policy contributes to the users’ experience on
dialogues with robots [1, 2, 3].

One of the common usage of SDS is the personal assistants
on smart devices like Siri or Amazon Alexa. The major turn-
taking problem of such SDS is to take the floor and respond
quickly and precisely after user’s turn. To achieve this goal, a
number of recent studies are done for End-of-Turn (EOT) pre-
diction [4, 5, 6, 7, 8, 9]. While recently, apart from smart device
based personal assistant, another form of SDS encountered a
rapid expansion in industry - the telephone-based chatbot like
Google Duplex for personal or Alime-Hotline of Alibaba for
customer service. One major difference between smart device
based and telephone-based SDS is the telephone-based sessions
are much more active with fast turn switches like human-to-
human.

Turn-taking behaviors between humans are complex and
fine-grained [10]. A number of turn switches could happen
inside one semantic round. Human would act to the mutual
silence and overlapping during speech, and generate backchan-
nels or fillers among responses. It is intuitive to build a human-
like turn-taking policy supporting all fine-grained actions by
learning from human-to-human dialogues directly.

Most of recent studies of turn-taking behaviors are based on
datasets constructed basically in the following ways:

¢ Human-to-human dialogues created in written lan-
guage,e.g. MultiWOZ [11],Taskmaster [12].

¢ Generated dialogues from user simulator [13, 14, 15].

* Recorded spoken dialogue by crowd-sourcing workers
(7,91
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Figure 1: Showcase of State, Event and DP in dialogue. Note
the DP is not just right after IPU because of the VAD gap.

Each of those ways have some drawbacks: Datasets created
in written language have a large gap with spoken scenarios, both
in wording and turn-taking behaviors. Quality of generated di-
alogues are limited by the performance of simulator, which is
still remains a challenging area. Record and annotate spoken
dialogue has the best quality but also with highest cost, which
limits the size of the corpus.

Therefore, in this paper, we propose an automatic annota-
tion mechanism which could construct turn-taking data from
existing dialogue audios with very low cost. The annotation
pipeline could transform the spoken dialogues with fine-grained
turn-taking actions (referred as FTA) into structural data, which
enables modeling such behavior by linguistic features as well as
acoustic features. Then we applied the pipeline to Switchboard
[16] to create and release the Fine-grained Turn-taking Dataset
on Switchboard (FTAD-sw)!. To the best of our knowledge,
FTAD-sw is so far the largest structural fine-grained turn-taking
corpus released. Through this we hope to give a standard re-
source for later turn-taking behavior researches. Finally, We ex-
plored the methodology of learning a full-functional turn-taking
policy, by defining and evaluating a set of tasks over FTAD-sw
as well as a self-owned customer service dataset FTAD-zh.

2. Fine-grained Turn-taking Action Dataset
2.1. Structural Representation of FTA

To capture every fine-grained turn-taking action in human-to-
human dialogues, we first need a self-contained label system.
The behavior of each dialogue can be represented in four ele-
ments: State, Event, Decision Point, Action. Here reminds that
the representation is first-person perspective, which means the
four elements describe the session from the perspective of one
participant (referred as Subject later). And of course we can
generate the representation for both sides symmetrically.

State stands for the speaking status of any specific time
pieces. Here we use the six-states FST described by Raux et.
al. [17] with little adjustment. Here SY ST EM means the

IFTAD-sw Dataset: https://github.com/alimehotline/FTAD
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Figure 2: Annotation pipeline and output of each step.

Subject speaking and Opponent is listening while USER
means the opposite. Overlapping and silence can be noted as
BOTHs/BOTHy and FREEs/FRE Ey with subscript to
distinguish previous state.

Event is the moment of state change, specifically the mo-
ment Subject or Opponent start or stop speaking.

Decision Point (referred as DP), in some research called
Transition Relevance Point (TRP) [10] , means the place where
turn-taking would but not necessarily happen. From a system
perspective, decision point is the timing for a robot’s turn-taking
policy to decide which action to take. A dialogue system can
only act in discrete moments, in this paper we use voice activity
detection (VAD) of a short silence (200ms) to split continuous
speech into Inter-pasual Unit (IPU) [5], as it’s a common solu-
tion to get aligned speech with linguistic result by ASR system.
Decisions could be made after every Opponent’s IPU or every
AT at silence. Figurel displays the relation of State, Event
and DP.

Action is the actual behavior of the Subject at each de-
cision point. The optional actions at decision points are con-
strained by the state at the moment as described in Table 1.

2.2. Self-contained Turn-taking Annotation

The goal we develop the automatic annotation process is to
transform existing dialogue audios into structural data presented
above, with least manual work. With such process we can eas-
ily construct large turn-taking corpus with any accessible audio
data set from various scenarios like face-to-face talk, customer
service dialogue over telephone or even from TV-shows.

The process goes in four-steps: First, the audio is cut into
[PUs with transcribed text using an ASR system with a small
VAD threshold. The IPUs are referred as Utterances here.
Then the Utterances are sorted based on start time so that
Events and States could be annotated deterministically ac-
cording to their definitions. After this DPs are generated from
the Subject’s perspective. And finally Actions are annotated to
each DP automatically base on the context. The pipeline and
output of each step are shown in Figure2.

The rules of annotation of the Actions is a little trivial.
Most of the Actions could be inferred through context, e.g.
a long query after opponent’s Utterances are annotated as
Grab_Response and DP’s on the silence between opponent’s
Utterances are annotated as W ait. We more details as below:

e We shrink short overlapping (less than 1 second) be-
tween long Utterances, to avoid meaningless turn-
switch (shown in Figure3).

¢ It’s guaranteed that each Utterance of subject should be
triggered by one Grab Action at one D P and each DP
should be assigned with a valid Action.

3232

e We annotate Grab_Backchannel by matching a spe-
cific vocabulary.

e To align Utterances with discrete DPs, we adjust
the timestamp of Actions within a threshold (under
1000ms) of bias (shown in Figure3).

e For the rest of unaligned Utterances are as-
signed special actions either Grab_Response_Break
or Grab_Backchannel_Break according to the texts.

We visualized the annotation of an audio fragment
in Figure4 with white textboxes as Utterances, gray as
DP/Action and green as unaligned Utterances.
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Figure 3: Upper: shrink short overlapping. Lower: align the
subject’s utterance with the closest DP as the its is breaked by
the opponent’s utterance
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Figure 4: Visualization of the structural annotation of FTA

2.3. FTAD Corpus

We applied the annotation pipeline to Switchboard-1 [16], with
a more than 2400 sessions over telephone under some casual
topics to create FTDA-sw (released this time). As it’s tran-
scribed with word alignments for ASR model training, we di-
rectly used the word boundary transcripts to cut Utterances
with a 400ms threshold. To explore the the turn-taking behav-
iors between difference languages and domains, we create the
FTDA-zh based on 3900 customer service sessions of Alime-
Hotline by the same pipeline.

The comparison of statistics about the two datasets are
listed in Table2 and Table 3. As dialogue about casual topics,



Table 1: State and action space

State Action Description
FREFEgs Grab_Silence Take turn if opponent keeps silence, mostly sending reminder or echo.
Wait_Silence Release turn and wait opponent’s response.
FREEy Grab_Response Take turn and respond to opponent.
Grab_Backchannel Send a backchannel to opponent (not willing to take turn).
Wait Keep silence and wait opponent to finish his turn.
SYSTEM Break_Ignore Opponent tries to break the subject, but ignore and keep speaking.
Break_Release Accept opponent’s break and stop speaking.
Keep Subject tries breaking the opponent, and keep speaking at this DP.
Release Subject tries breaking the opponent, and give up (stop speaking) at this DP.
USER Grab_Response_Break™ Subject starts to break the opponent (at any time).

Grab_Backchannel_Break™

Subject sends backchannel to the opponent (at any time).

FTAD-sw tends to have more Utterances with a higher speak-
ing speed and actual turn-taking (DP without Wait) appears
more frequently.

As for the action annotations, nearly 94% actions could be
aligned with a D P with an average bias of 420ms for FTAD-
sw. For FTAD-zh the numbers are 98.3% and 351ms. It means
that, from the systematic perspective, most of the fine-grained
turn-taking actions of human could be simulated by a robot with
discrete D Ps. FTAD-sw has faster turn-switches with shorter
mutual silence, which leads to less Wait/W ait_Silence ac-
tions. 'Break’ and *Backchannel’ happens frequently in FTAD-
sw, while in FTAD-zh, the customer service consulting dia-
logues are more organized.

Table 2: Statistics of two FTAD corpuses

FTAD-sw FTAD-zh
# of sessions 2438 2959
Avg. session length 6.33min 1.72min
Word (Character) per minute 201 351
# of Utterances per session 141.20 27.83
# of Utterances per minute 22.27 16.14
# of D Ps per session 195.32 118.17
# of D Ps per minute 30.85 68.53
# of DPs(w/o W ait) per minute 13.43 9.47
Avg. D P alignment error 420ms 351ms

Table 3: Distribution of Actions

Actions FTAD-sw FTAD-zh
Grab_Response 23.7% 8.79%
Grab_Backchannel 6.1% 0.11%
Grab_Silence 0.03% 0.0%
Break_Ignore 3.77% 1.39%
Break_Release 2.17% 0.97%
Keep 0.56% 0.51%
Release 0.88% 0.14%
Grab_Backchannel _Break™ 4.71% 0.74%
Grab_Response_Break”™ 1.34% 1.08%
Wait&W ait_Silence 56.66% 86.1%

In Table4 we compared FTAD-sw to other datasets which
are used for turn-taking modeling in past studies [4] from sev-
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eral perspective. Comparing to native-oral datasets [18, 19, 20],
datasets collected from IM-based chat logs [12, 11, 21, 22]
have a large gap in both language style and turn-taking be-
havior. Meanwhile, most of these datasets only contain
W ait& Response actions, with more fine-grained actions ab-
sent or ignored. In paper [13, 14], Khouzaimi et. al. used
user simulator to generate utterances with turn-taking actions,
however the corpus quality and diversity is limited by the sim-
ulator’s performance. Aldeneh et. al. [23] and Tomer et. al.
[24] used Switchboard along with NXT-format[25] annotation
to construct turn-switch prediction dataset, but they don’t dis-
tinguish different turn-taking actions.

Table 4: Datasets comparison

Dataset Style Domain Actions
Taskmaster written assistant W&R
MultiwOZ_2 written assistant W&R
MetaLWOz written assistant W&R
CCPE [26] written&oral  assistant W&R
DailyDialog written assistant W&R
Maptask oral assistant W&R
MRDA oral open W&R
SWDA oral open W&R
Generated session written assistant  Fine-grained
FTDA-sw oral open Fine-grained

3. Fine-grained Turn-taking Modeling Task

Based on FTAD, we defined four supervised learning tasks for
policy modeling.

End of turn prediction has the similar definition to past
studies [4], to decide whether the Opponent has finished his
turn and it’s time to respond. We generate the task data set
by extracting continuous Opponent’s Utterances before a
Grabresponse action, with the last D P (trigger the response
action) as positive label and other (trigger W ait actions) as neg-
ative.

Respond time prediction models the expected time for the
Opponent to respond the Subject’s question or statement.
This is useful as for SDS, which should be a threshold to de-
termine whether to send a echo/reminder, when the Opponent
keeps silence. The prediction model could be used to set
proper silence threshold based on the context. We used the
gap between Grab_Response action and the last Opponent’s



Utterance before it as the prediction target. As the DPs
are discrete, we define the task as a three-fold classification
problem, using two quantiles: 400ms/800ms for FTAD-sw and
1200ms/2400ms for FTAD-zh.

Break prediction is defined as modeling the behavior of
the Subject when he’s speech is interrupted by the Opponent.
We construct the training set by using the Utterances before
the D P where the interruption happens, with Break_Release
as positive sample and Break_Ignore as negative. Note that
we only leverage the Utterances before DP because for
Break_Release cases, the complete sentence is unknown. In
Figure 5 we illustrate this task.

Backchannel prediction is to imitate the Subject’s behav-
ior during a long speech of the Opponent. We’d like to know
the best timing to trigger a backchannel. Unlike other tasks,
as a part of backchannel actions cannot be aligned with D Ps,
we construct backchannel data set in a word-level sequential la-
beling format, as shown in Figure5. The word right before the
backchannel in Opponent’s Utterances is labeled as 1 (trig-
ger word) while other labeled as 0, and the pause between utter-
ances is treated as a special token. As the sparsity of backchan-
nel in FTAD-zh, we only generate task data for FTAD-sw.

DP
Opponent Y
. Action? i
Subject >
yeah and it was usaully also where it was in engineering
Opponent — — —e
un-hum right
Subject >
Label o 1 o0 o 1 o o o o0 o

Figure 5: Upper: Break action prediction task. Lower: Se-
quence Labeling task for Backchannel action.

Some details of the four tasks are illustrated in Tabel 5.
Note the way of learning turn-taking policy from FTAD is not
limited in the tasks mentioned above. An alternative way is to
learn a unified end-to-end policy model. And in this research
we focus on linguistic features only, but it’s easy to get aligned
acoustic features as all the Utterances and Actions are la-
beled with timestamp.

Table 5: Task summaries

Task Task type Size(sw)  Size(zh)
EOT classification 149618 40693
Respond time classification 52099 10260
Break classification 28321 8288
Backchannel  sequence labeling 29294 -

4. Experiment Result

We give a baseline for the End of Turn, Respond time predic-
tion and Break prediction tasks using the context-aware self-
attention model from [27]. Each Utterance is encoded through
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a bi-GRU, with token embedding from an pre-trained Roberta
[28]. Then the token-wise encoding is aggregated into a single
vector through a context-ware self-attention, and a classification
layer is applied on it (illustrated in Figure 6). The context utter-
ances are concatenated along with a role token. For backchan-
nel prediction, we simply used a LSTM-CRF based model to
generate label for each token.

Table 6 shows the model performance over different tasks.
For EOT and Break prediction, the user behavior is more div-
inable in FTAD-zh than FTAD-sw, as the later one has more
complex and frequent turn-switches. However the respond time
is more correlated with the context in the dialogues from FTAD-
sw. And specially, for backchannel, the behavior is more arbi-
trary and most unpredictable, which has the lowest accuracy of
positive sample.

We also conduct experiments of single utterance as model
input as well as using three previous utterances as context for
the classification tasks. And the result of three classification
tasks the effectiveness of involving more context in predict turn-

taking actions.
? Act

Utterence
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Context
#A good morning Utterence Embeding
G Matrix
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Figure 6: Contextual attentive model for turn-taking action pre-
diction.

Table 6: Model performance over tasks

Task Acc.(sw) Acc.(zh)
EOT 0.6829 0.8273
EOT (with context) 0.6835 0.8398
Break 0.7142 0.7704
Break (with context) 0.7552 0.7737
Respond time 0.7230 0.5322
Respond time (with context) 0.7303 0.5928
Backchannel 0.3609 -

5. Conclusion

In the paper, we propose a structural representation of fine-
grained turn-taking behaviors in human-to-human dialogues.
Then we introduce an automatic annotation mechanism to trans-
form dialogue audios into structural data and release FTAD-sw
constructed on Switchboard. And finally we explore ways to
model turn-taking policy based on FTAD. In the future, we want
to evaluate the effectiveness of acoustic features in turn-taking
modeling of FTAD and another option is to learn a unified end-
to-end turn-taking model supporting all actions based on FTAD.
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