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Abstract
Manual transcription of intonation by experts remains an essential part of research on the structure and meaning of
intonation across languages, as well as for developing computational methods for automatic intonation transcription.
We present ToneSwiper, a Python program with a graphical user interface that facilitates manual intonation
transcription in the ToDI framework (Transcription of Dutch Intonation; Gussenhoven, 2005), with possible adaptation
to similar (e.g., ToBl-like) frameworks for other languages. For the trained annotator, it enables efficient ToDI
transcription of speech by integrating an audio-player, a spectrogram and pitch contour plot, auto-scroll, dynamic
audio stretching, and an intuitive hotkey interface that maps key sequences to ToDI elements, e.g., pressing up-down
for a high-to-low accent (H*L). In this way, transcription is conducted by ‘swiping® over the arrow keys on the keyboard.
We present the program and its motivation, as well as a small-scale pilot study on annotation efficiency and inter-rater
agreement, using a highly challenging sample of task-oriented dialogue from the Dutch Map Task Corpus (Ladd and

Schepman, 2003).
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1. Introduction

Intonation is a key communicative channel. ltis, in
part, linguistically structured, comprised of discrete,
categorical events such as high and low intonation
phrase boundaries, and rising and falling accents.
Speakers use intonation to comment on the prag-
matic status of their utterance, for instance, to clar-
ify how it relates to the conversational goals and
to the beliefs of speaker and hearer (e.g. Brazil
et al., 1980; Gussenhoven, 1984; Pierrehumbert
and Hirschberg, 1990; and much subsequent work;
for a recent overview see Westera et al., 2020).

On the empirical side, research on intonation, like
most subfields in the study of language, requires a
combination of direct observation, native speaker
informants, controlled lab experiments, and corpus
research. The fourth of these pillars is lagging be-
hind, with many languages — including closely stud-
ied ones — still lacking sizable and diverse corpora
with intonation transcriptions (e.g., Dutch). This
can in part be linked to a lack of dedicated, user-
friendly tools for efficient manual transcription, and
causes, in turn, an inability to develop and eval-
uate computational tools for automatic intonation
transcription. To aid in closing this gap, we present
ToneSwiper, a computer application that enables
efficient manual (expert) transcription of intonation.

ToneSwiper is an open-source Python program
with a graphical user interface, offering a spectro-
gram with a pitch track, sound playback functionali-
ties (play/pause, rewind, audio stretching, etc.), and
a largely keyboard-controlled transcription panel.
In contrast to existing, more general-purpose au-
dio analysis and transcription tools such as Praat
(Boersma and Weenink, 2025) and ELAN (2025),

ToneSwiper is designed exclusively for intonation
transcription. This specialization enables an effi-
cient, keyboard-centered interface with dedicated
hotkeys for the different intonational categories. For
instance, pressing the arrow keys up, down results
in a ‘falling accent’, and pressing up with right
results in a ‘high phrase-final boundary’, with ad-
ditional hotkeys for manipulations such as ‘delay’
and ‘downstep’ (see Section 2). Hotkeys can be
entered simultaneously with the audio playing, facili-
tated by on-the-fly audio stretching (i.e., slower play-
back without affecting pitch). This avoids the many
mouse cursor actions inevitable in more general-
purpose transcription tools, removing interface fric-
tion (and potential causes of repetitive strain injury)
to let transcribers fully focus on the task at hand.

ToneSwiper is designed for the transcription of
the aforementioned linguistically structured part of
intonation, i.e., discrete, categorical events such
as high vs. low accents and boundaries. This ex-
cludes paralinguistic aspects of intonation, com-
prising gradient adjustments of pitch contour and
register. Specifically, ToneSwiper is currently set
up for use with the ToDI-system — Transcription
of Dutch Intonation (Gussenhoven, 2005) — imple-
menting hotkey combinations for exactly the types
of accents and boundaries assumed in ToDI. This
hotkey mapping can easily be adapted to other
intonational inventories. Note that ToneSwiper is
aimed at enabling efficient, user-friendly transcrip-
tion to maximize coverage, not millisecond preci-
sion — although <100ms precision is feasible (and
a ‘zoom-in’ function that would enhance precision
may be added in the future). The resulting tran-
scriptions can straightforwardly be imported into
the Praat program as a ‘point tier’, in which one
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H*, L* level high/low accent

H*L, L*H falling/rising accent

H*LH fall-rising accent

L*HL ‘delayed’ falling accent

IH*, IH*L, L*IHL | ‘downstepped’ versions

H%, L%, % high/low/level IP-final boundary
Y%H, %L high/low IP-initial boundary
YoHL non-accent initial falling pitch
H*IH vocative chant

Table 1: Categories in the ToDI system.

could fine-tune the position of annotations or other-
wise modify transcriptions if necessary, and com-
bine them with other transcription tiers in a Praat
TextGrid. ToneSwiper is open-source and cross-
platform, and is available on the Python Package
Index (currently at version 0.3.3), thus installable
with pip and similar tools in the Python ecosystem.

This paper motivates and describes the
ToneSwiper program, and evaluates its use
for the transcription, by two annotators, of a
4-minute spoken dialogue from the Dutch Map
Task Corpus (Ladd and Schepman, 2003), a
particularly challenging genre characterized by
rapid turn-taking, interruptions, overlapping speech
and backchannels (studied in depth, using this
corpus, by Caspers, e.g., 2003).

2. Background

2.1. Systems for transcribing intonation

Languages differ in the intonational contrasts they
draw. Pierrehumbert (1980) aimed at formulat-
ing a phonological grammar to account for the
contrastive intonation forms of English. Silver-
man et al. (1992) developed the influential ToBI
system (Tones and Break Indices) for transcrib-
ing English intonation, which spurred much subse-
quent work to develop broadly ToBlI-like systems
for various languages (e.g., Japanese, Venditti,
2005, French, Delais-Roussarie et al., 2015; Span-
ish, Beckman et al., 2002). Against this backdrop,
as well as in response to prior, more trajectory-
based transcription systems for Dutch intonation,
the ToDI system (Transcription of Dutch Intonation)
was developed (Gussenhoven, 2005).

ToDI distinguishes two tones (H=high vs. L=low),
and two types of events (locations) that may carry
tones, namely pitch accents (*) and intonation
phrase (IP) boundaries (%). Altogether, ToDI dis-
tinguishes the accent and boundary types given
in Table 1. For more descriptive characterizations
and clear examples of each of these categories,
we refer to the ToDI website (Gussenhoven et al.).

2.2. Current audio transcription software

Two general-purpose audio analysis and transcrip-
tion tools are Praat (Boersma and Weenink, 2025)
and ELAN (2025, also for video). The workflow
for transcribing prosody in these programs would
be to load an audio file, visualize its spectrogram
and an automatically extracted pitch track to aid
identification of intonational events, create an an-
notation tier, and play-pause-and-seek one’s way
incrementally through the audio while adding labels
to the tier, in our case the ToDlI categories. One
would add labels by clicking the mouse in the right
location and entering the label’s text content on the
keyboard. Transcription of intonation in the style
of ToBI for American English is reported to take
between 100x and 200x the length of the audio
transcribed (Syrdal et al., 2001), though note that
this includes transcription of ‘break indices’ absent
from ToDI. Our own experience with transcribing
in the slightly simpler ToDI system in Praat places
our own estimates around at least 60 x.

Because these programs are general-purpose,
they are not particularly ergonomic for intonation
transcription. Foremost, given the relatively small
inventory of categories in a system such as ToDI,
there should be virtually no need for manual typ-
ing, as only a few intuitively oriented keyboard keys
and their combinations could already cover the full
range (cf. a mouse-operated menu with the avail-
able labels in Syrdal et al. (2001)). Second, these
keyboard commands could in principle be pressed
in sync with the audio playback to determine the re-
sulting labels’ positions, avoiding the need for most
mouse usage, which is generally less efficient and
potentially straining. Third, a dedicated intonation
transcription tool should enable audio stretching,
i.e., ‘on the fly’ slowing down the playback when
required (and speeding it up again afterwards if
desired) without thereby affecting the pitch; nei-
ther Praat nor ELAN currently supports this. The
ToneSwiper program presented in this paper is ded-
icated to intonation transcription (and nothing else),
and will be centered around precisely these three
features.

An alternative method for accelerating transcrip-
tion is to integrate a manual transcription program
with automatic methods, e.g., for prior selection of
likely transcription locations or for constraining the
possible transcription labels based on the context
while leaving the final decision to the human. For
a detailed overview of such ‘prompters’ and other
automatic method, in the context of developing au-
tomatic ToBI-like transcription for Spanish and Cata-
lan, see Elvira-Garcia et al., 2016. In principle, the
ergonomic improvements that ToneSwiper is aim-
ing for are orthogonal to, and compatible with, such
methods.
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2.3. Corpus methods in intonation
research

Theories of intonation, both its phonology and its
meaning and use, should be informed by corpus
research. For instance, in case certain contrasts
cannot reliably be detected by transcribers or ob-
served phenomena do not fit into one of the theory’s
phonological categories, this could drive revision
or extension of the phonological theory; conversely,
adequacy for transcription can be presented in sup-
port of a theory (Pitrelli et al., 1994). The empirical
success of existing theories of intonational mean-
ing thus far remains limited, or at least difficult to
assess (Westera et al., 2020), and they have primar-
ily been applied to specific, constructed examples,
leaving their applicability to naturalistic discourse
doubtful. While native speakers have clear and
consistent judgments about which intonation con-
tour fits best given a broader context (e.g., a folk
story in He et al. (2012)), actually explaining such
preferences in terms of intonational meaning has
remained an elusive goal. While the widespread
adoption of corpus methods has led to important
advances in the study of meaning and use of words
and phrases, corpus work on intonational meaning
is lagging behind.

For Dutch, to our awareness, no sizable, rep-
resentative, publicly available ToDlI-transcribed
dataset exists. This is due at least in part to the diffi-
culty of, and labor investment required for, transcrib-
ing intonation. Numerous works have attempted
to automate intonation transcription with computa-
tional methods, as in Rosenberg, 2010 (and many
works cited therein) for English in the ToBI system,
and its adaptation in Hu et al., 2020 for Dutch in
the ToDI system. For the present case of Dutch,
while the accuracies reported in Hu et al., 2020
are high (e.g., 94.6% accuracy on pitch accent de-
tection, 75.4% on their classification), it must be
noted that the data on which their models were
trained and tested consisted only of single-speaker
recordings of scripted, single utterances, selected
from a limited inventory of phonetic profiles, and
elicited with particular intonation contours as in-
tended by the researcher. Although the authors
claim it is a ‘fair representation of natural speech’,
it lacks the comparative messiness of truly spon-
taneous speech, such as unscripted dialogue. To
compare, Rosenberg (2010) used a genre com-
parable to our own (unscripted, task-oriented di-
alogue; see below), reporting lower scores (e.g.,
73.5% accuracy for detecting pitch accents, and
69.8% for classifying them). More recently, Zhai
and Hasegawa-Johnson (2023) report F1-scores of
0.82 for pitch accent detection and 0.86 for bound-
ary detection, without undertaking classification.

In order to unlock corpus-based methods for in-
tonation research, as well as to develop better au-
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Figure 1: The main graphical user interface of
ToneSwiper.

tomatic transcription methods (and to be able to
meaningfully evaluate them) for a wider range of
languages, a sizable body of human transcriptions
will remain necessary. The ToneSwiper program
presented in this paper is meant to facilitate meet-
ing this need. To assess its potential, we conducted
a pilot study, reported further below, in which we
used ToneSwiper for transcribing a highly challeng-
ing, guided spontaneous dialogue from the Dutch
Map Task Corpus (Ladd and Schepman, 2003).

3. Description of the ToneSwiper
program

3.1. User interface

After installing the toneswiper module and execut-
ing it for one or more audio files (see technical
details), the graphical user interface starts. The
main window automatically displays a spectrogram
and pitch track for the first selected audio file, at
a level of zoom adequate for visual detection and
categorization of intonation events. Depending on
screen resolution, between five and ten seconds
of audio may fill the screen; for longer audio, the
window will automatically scroll horizontally during
playback to keep the visuals in sync with the au-
dio. A vertical bar moves from left to right over the
spectogram (and becomes centered as the win-
dow overflows, i.e., while scrolling) to indicate the
current playback position.

Keyboard controls allow the user to add tran-
scriptions, both while the audio is playing and while
paused. Transcriptions will appear directly below
the spectrogram, as selectable/editable/movable
text bubbles, their horizontal position visually
matching the corresponding position in the audio.
Transcriptions appear immediately upon pressing
the hotkeys, but at a fixed distance to the left (i.e.
earlier in time) relative to the playback position: this
assumes that transcription is normally ‘delayed’, i.e.,
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H*, L* up arrow / down arrow
H*L, L*H up-down / down-up
H*LH up-down-up

L*HL down-up-down

IH*, IH*L, L*!HL | hold control

H%, L%, % right-up, right-down, right
%H, %L left-up, left-down

%HL rare, no hotkey

H*IH up-(back)slash

Table 2: ToneSwiper key combinations.

one hears a falling accent, and only e.g. half a sec-
ond later one can press the appropriate hotkeys.
This ‘delayed’ position at which transcriptions will
be inserted is shown by a separate vertical bar (i.e.,
to the left of the playback position bar). The amount
of delay can be modified during transcription, and
can even be set to 0, in which case the two vertical
bars coincide, and transcriptions will appear exactly
at the current playback position, instead of slightly
‘in the past’.

Playback speed can be decreased (and in-
creased again) with the —/+ keys, applying real-time
audio-stretching to slow down the audio without
lowering the pitch. Slowing down the audio (as
well as switching back to normal speed for context)
is typically necessary for reliable transcription. In
addition, the program offers keyboard controls for
play/pause, for seek (forward and backward), for
jumping to the start and end positions and to the
position of the last transcription, as well as for mov-
ing between sound files. While keyboard-centered
by design, transcriptions (text bubbles) can also
be added, moved around, edited and deleted with
mouse clicks. Pressing F1 opens a secondary win-
dow listing the keyboard and mouse controls.

The keyboard combinations for the ToDI cate-
gories are listed in Table 2. Each annotation can
freely be modified by typing in a selected text bub-
ble, e.g., for transcriptions (including comments)
not covered by the hotkeys. The key combinations
are currently fixed in the program’s source code,
but this will be made more easily adjustable to other
ToDI- (and ToBI-)like systems in the future.

3.2. Technical details

ToneSwiper is available as a Python package on
the Python Package Index (PyPl), hence installable
with standard programs such as pip. It works on
Unix-like platforms and on Windows, with Python
3.10 and higher. ToneSwiper currently only sup-
ports .wav files; conversion to and from .wav is
straightforward with existing tools. Running the
program to transcribe one or more audio files will
result in a list of pairs for each file, each pair com-
posed of a time stamp (within the audio file) with

the transcribed ToDI label (e.g., H*L, H%, etc.).
The program can import and export transcriptions
from/to a Praat TextGrid (‘Point’ tier), as well as
importing/exporting transcriptions in JSON format.
Although ToneSwiper has a graphical user in-
terface for the transcription itself, it is intentionally
minimalist and offers no graphical way of choos-
ing the .wav files to be transcribed. Instead, in
keeping somewhat with the Unix philosophy and
the advantages of a primarily text-based interface,
this is done on the command-line. For instance, the
command toneswiper dialogues/*.wav —-—
textgrid todi will start the application for
transcribing all .wav files in the (hypothetical)
dialogues folder, and will load the ‘todi’ tier from
(and save to) analogously named . TextGrid files
if they exist — otherwise it will create such files.
The ToneSwiper source code is publicly available
on GitHub. It relies on PyQt6 for its graphical user
interface, on Parselmouth (Jadoul et al., 2018) for
Python bindings for the Praat program (Boersma
and Weenink, 2025) for extracting the spectro-
gram and pitch track, Matplotlib for visualising it
(Hunter, 2007), the package ‘tgt’ (TextGrid tools;
Buschmeier and Wlodarczak, 2013) for reading
and exporting Praat’s TextGrid format, on Sound-
file (Bechtold) and PyLibRb for audio stretching
(Gtomski; Python-bindings into the Rubber Band
Library), and besides that Numpy (Harris et al.,
2020), Sounddevice and the Python standard li-
brary. Toneswiper uses semantic versioning and is
provided under the European Union Public License
(EUPL1.2) for free/open source software.

4. Pilot study

4.1. Method

In order to evaluate the usability of the ToneSwiper
tool, especially on naturalistic dialogue, we doubly
annotated a 4 minutes and 15 seconds long dia-
logue from the Dutch Map Task Corpus (Ladd and
Schepman, 2003). The full corpus consists of 8
task-oriented dialogues, following the set-up of the
original HCRC Map Task Corpus (Anderson et al.,
1991). Each conversation revolved around the goal
of reproducing a route on a map via (only) verbal
collaboration. Both participants have a map in front
of them, which for one participant — the instruction
giver —includes a printed route, to be explained ver-
bally to the instruction follower, who needs to draw
that same route on their map. Crucially, small dis-
crepancies between the reference points on the two
maps complicate the conversation, yielding more
interactive turn-taking dynamics and more varied
intonation contours.

The transcribers, the authors of this paper, are
both linguists with prior training in listening for ToDI
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categories, and with some prior experience in con-
ducting ToDlI-transcription using the existing Praat
software. Neither of us had listened to this specific
dialogue before. The dialogue was cut into five
fragments of around 50 seconds each. After tran-
scribing the first fragment, we met to align our an-
notations and discuss any transcription differences.
We then annotated the remaining four fragments.

Dialogues in the map task genre are sponta-
neous (albeit task-driven), and involve rapid turn
shifts, interruptions, overlapping speech, backchan-
nels (‘okay...’), filled pauses (‘ehm...’) and laugh-
ter, making it challenging to transcribe. The dia-
logue we selected has 800 words from both speak-
ers combined (including, e.g., backchannels), for
an average rate of 190 words per minute. The
instruction-giver and instruction-follower were likely
not recorded on separate microphones, as our copy
of the corpus has only a single audio channel for
both speakers. Fortunately, it was easy enough
to tell apart the voices of the two speakers, who
were male and female in this dialogue. We tran-
scribed one speaker at a time, such that each audio
fragment was transcribed twice. This was easier
than transcribing both speakers at once, both in
terms of cognitive load and for saving the transcrip-
tions of each speaker in a separate transcription
tier (essential for overlapping speech). Each of us
transcribed the different audio fragments and the
two speakers in each in the same order.

While we will report transcription rate and error
rate, it must be kept in mind that this is meant only
as a pilot study. For one, transcription speed and
agreement rates are highly dependent on the audio
being transcribed, and the scope of this pilot is lim-
ited to one specific dialogue between two particular
speakers. Moreover, as we extend our transcrip-
tion efforts in the future we will continue to align our
transcriptions (as we currently did only for the first
fragment), and will converge on better and more
consistent transcription choices. As such, we will
report quantitative findings with no greater intended
weight than our qualitative experiences.

4.2. Transcription rate

Transcribing the 4 minutes and 15 seconds long dia-
logue took on average 170 minutes per transcriber,
or 40 minutes to transcribe one minute of audio.
This resulted in an average of 738 transcribed ToDI
events (accents, boundaries) per transcriber for
the full dialogue, or 2.9 transcribed events per sec-
ond of audio (on average per transcriber); almost
one event per word. This high event density is
in part a consequence of the many short utter-
ances such as backchannels, typically a single
word (‘okay...’) but often three discernible ToDI
events (initial boundary, pitch accent, final bound-
ary). Put differently, we spent on average 10 sec-

onds per transcribed ToDI event. This crucially
includes listening to the entire dialogue (mostly
at decreased playback rate), as well as frequent
rewinding and re-listening as required.

These rates show that intonation transcription
remains a challenging, cognitively demanding
task, especially for naturalistic dialogue. The
ToneSwiper program can accelerate this only to
the extent that it removes interface friction. In our
experience as transcribers, it indeed removes such
friction to a large extent, compared to our experi-
ence transcribing intonation in general-purpose pro-
grams such as Praat. Note that, within the scope of
this pilot, neither of us reached sufficient automa-
tism to immediately translate the events we heard
into the right key combinations to press, so some
gains in transcription rate are expected to come
with increased familiarity.

4.3.

As mentioned, after transcribing the first audio frag-
ment, we manually aligned our labels to identify
and resolve any systematic differences, before con-
tinuing with the remainder. Our qualitative impres-
sion from this manual alignment of the first audio
fragment is that many transcription differences are
resolvable, namely, that upon attentive relistening
there is typically a favored analysis. After this, we
transcribed the remaining four audio fragments. In
the following analysis we include all five fragments,
and without adjusting any transcriptions based on
our manual alignment. This is because the purpose
here is to investigate the result of two transcribers
independently using the tool.

To assess inter-rater agreement, we need to de-
termine which of our respective annotations con-
cerned the same perceived intonational event, and
which did not. For instance, does a high accent
(H*) annotated by one transcriber belong with the
other transcriber’s falling accent (H*L) 80 ms earlier
(say), or with their high boundary tone (H%) 110
ms later? We automatically determined a plausible
alignment by using a ‘greedy’ algorithm that takes
into account the a priori likelihood of certain errors,
on the basis of our manual alignment for the first
audio fragment. The algorithm iteratively identi-
fies ‘the next best match’ of transcription labels to
pair, while gradually relaxing its criteria for doing so.
Initially, the ‘best match’ for a given transcription
is the nearest (in time) transcription (by the other
transcriber) within 100 ms that has the exact same
label (and which has not yet been consumed by a
better match). This criterion is then relaxed to per-
mit matching transcriptions, still within 100 ms, that
differ slightly (for instance H*L with H*), followed by
string-identical transcriptions within 200 ms, then
slight mismatches within 200ms, then more severe
mismatches, and so on, up to quite severe mis-

Inter-rater agreement
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matches as long as both labels are still available
and within at most 300ms of each other. We did not
extensively tweak the parameters and thresholds
of this approach, but settled on what appeared by
manual inspection of the resulting alignment to be
a good solution. (Automatically tuning the parame-
ters of this algorithm would require more data.)

The greedy alignment process identified 609
places where both transcribers annotated an event
(this can be compared and contrasted with the,
on average, 738 events per transcriber, or to the
866 places where at least one transcriber entered
something), and these were on average 82ms apart
(standard deviation = 118). Of these, 376 were
given identical ToDl labels by both transcribers, and
these were on average 60ms apart (standard devi-
ation = 54), i.e., in cases where both transcribers
agreed on the ToDlI label, their transcriptions fell
within, on average, 60ms of each other.

The confusion table in Figure 2 shows patterns
of agreement and disagreement (where ‘disagree-
ment’ means the transcribers transcribed a given
event differently). The top row and left column
represent cases where only one of the annotators
transcribed an event — the top-left cell being empty
because there are uninformatively many places
where both transcribers did not annotate anything.
In 73% of the cases where at least one transcriber
annotated an event, the other transcriber did so
too (percentage not shown in the image, but com-
putable from it); in the remainder (27% of cases),
one transcriber transcribed an event while the other
did not (or there was a candidate match, but it had
already been paired to a better match by the greedy
algorithm). Setting aside the first row and column
of the confusion table, the diagonal, representing
alignment, is the most populated, and misalign-
ments tend to be clustered (visible squares): first a
cluster concerning initial boundary tones, then one
concerning the final boundary tones, and then a
cluster representing confusions between the vari-
ous accent types.

The first cluster of disagreements shows consid-
erable confusion (in the technical sense) between
low and high initial boundaries (%L, %H), which
the ToDI guide notes can be difficult to distinguish
(especially %L immediately followed by a high ac-
cent); though the transcribers were in agreement
in around two-thirds of the initial boundaries. No-
tably, there is no clear asymmetry between the two
transcribers; both regularly transcribe %L where
the other transcribed %H, and vice versa. Likewise,
both transcribers (if we look at the top row, and
first column) regularly miss low or high boundaries
where the other does transcribe them. This sug-
gests a lack of clarity for both transcribers, and/or
a genuine impossibility to reliably identify the pres-
ence of the underlying phenomenon.

oo e o8 e et
1 1813\ 5 11|10 5 |10 31 7 1 2

%L—ZBEM 1

%H- 8 [34 20 4 1

%93 |41 14
H% - 3 1@15 2
%-27 4 335
H*-31 13] 1
HL-23 1 1 2025 a 1)1
L*HL - 1 618 2 | 41
L*H- 1 2|1z 7] 1 [20] 2 1
IH*L - 13 7|7 113 2
H* - 2 1 1
H*IH - 1
H*LH - 3
L*- 1 1 5

Figure 2: Confusion table of the two transcribers.

The next cluster of disagreements pertains to the
final boundary tones, revealing decent agreement
but with some confusion between high and level
boundaries (H% vs. %). These can be difficult to
distinguish at times, especially on short utterances
with a rising accent (L*H). This time, an asymme-
try is visible, with one transcriber more regularly
perceiving as level boundaries ones that the other
transcribed as high; at the same time, they regu-
larly transcribed a level boundary where the other
transcribed no event at all (i.e., the number 27 in
the left-most column).

The third cluster of disagreements reveals some
difficulty distinguishing the different accent types,
with one transcriber hardly transcribing rising ac-
cents (L*H), and the other transcribing fewer falling
accents (H*L). Indeed, one transcriber annotates
many rising accents where the other identifies none
(L*H; number 31 in the top row), for which high
boundary tones after a low pitch (e.g., preceded
by a falling accent) may be to blame, as these can
result in prominent rises. One transcriber more
readily transcribed ‘delayed’ falling accents (turn-
ing H*L into L*HL, audible as a rise toward the high
tone), transcribing 18 such cases where the other
transcribed a plain, non-delayed fall (central in the
plot, below the number 81). A similar difference
may underlie the 28 rising accents (L*H) identified
by one transcriber, which the other transcribed as
high (H*, 21 cases) or falling accents (H*L, 8 cases).
Downstep (!) on high or falling accents is detected
fairly reliably by both, though one transcriber occa-
sionally opts for a low accent (L*) instead.

Altogether, transcription of intonation remains a
challenging task, certainly on naturalistic dialogue.
Fortunately, there are some clear patterns in the
inter-rater disagreements, and manual alignment
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and discussion of the first audio fragment pointed
to the majority of disagreements being resolvable
upon closer inspection. Therefore, additional man-
ual alignment and discussion sessions could in-
crease familiarity with some of the remaining pit-
falls, and thereby increase inter-rater agreement.
Indeed, our findings might also hint at the neces-
sity of frequent inter-rater discussions as an integral
part of multi-rater transcription. Such a workflow,
too, would be facilitated by an efficient initial tran-
scription round, after which only the misalignments
would require further attention.

5. Conclusion and outlook

This paper motivated and presented ToneSwiper,
an open-source program for manual, expert tran-
scription of intonation according to the ToDI sys-
tem. Our small pilot, in which two transcribers used
ToneSwiper on naturalistic dialogue from the Dutch
Map Task Corpus, confirmed its added value as
a transcription tool. Its keyboard-centered design,
on-the-fly audio-stretching and auto-scroll make for
a pleasant transcription workflow, by removing the
main sources of interface friction present in more
general-purpose transcription programs.
ToneSwiper can accelerate intonation transcrip-
tion only to the extent that it removes interface fric-
tion (and associated cognitive load); it does not
reduce the difficulty of the task itself, i.e., that of
detecting ToDI events by listening to audio and view-
ing the spectrogram and pitch track. In the case
of our pilot, we chose the particularly challenging
genre of naturalistic dialogue. This resulted in av-
erage transcription rates of around 40 minutes per
minute of audio. This compares favorably to the
100x-200x rates reported in Syrdal et al., 2001 for
ToBI (though including break indices) and to own
estimate of at least 60x for transcribing ToDI in
Praat. Efficiency gains by using ToneSwiper will
be greater for more clearly spoken, single-speaker
genres, such as broadcast news or audiobooks.
One remaining source of friction in the current
version of ToneSwiper was the ‘rigidity’ of the tran-
scription locus at a fixed (though customizable) de-
lay behind the audio playback position. This meant
that pausing and rewinding were frequently neces-
sary as the opportunity to transcribe at a specific
location could be easily missed. To remove this
remaining hurdle, in future versions of ToneSwiper
we plan to implement the use of cursor/touchscreen
swipes anywhere on the spectrogram during play-
back, in order to be able to flexibly transcribe any
position in the current window (as opposed to only
at a fixed delay behind the playback position).
While the aforementioned delay (combined with
audio stretching) was designed to allow ‘on the fly’
transcription, during this limited pilot neither tran-

scriber reached the level of automatism required
for translating detected intonational events into the
right key combinations right away, synchronously
with the (slowed-down) audio playback. Deciding
on the transcription and finding the corresponding
hotkeys proved challenging to combine with contin-
ued attentive listening for subsequent events as the
audio kept playing. More experience with the tool
is expected to improve this, although the current
pilot study is too small, and especially too varied in
terms of event density of the different audio frag-
ments, to quantitatively demonstrate the onset of
such an effect. Genuine ‘on the fly’ (albeit slowed-
down) transcription is expected to be more feasible
with less challenging audio genres.
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