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Abstract
Phonetic reduction is very common in casual speech, where it is associated with several important pragmatic
functions. However these phenomena have been little studied. To support investigations and applications, we
present tools that automatically estimate the level of perceived phonetic reduction. Trained on annotated dialog
data and exploiting HuBert features, these handle American English and Northern Mexican Spanish. For English,
word-level predictions correlate up to 0.55 with average human judgments. This is adequate at least for statistical
studies of reduction in corpora, as seen in explorations of turn-yielding and prominence-marking behaviors. The tools

are open-source and publicly available.
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1. Introduction

In human speech, phonetic reduction is very com-
mon, especially in casual speech. Also referred to
as hypoarticulation or reduced articulatory preci-
sion, reduction is a complex phenomenon (Ernes-
tus and Warner, 2011; Jaeger and Buz, 2017;
Cangemi and Niebuhr, 2018; Zellers et al., 2018;
Niebuhr, 2017).

Proper application of reduction is important in
speech synthesis: speech with every phoneme
enunciated is unnatural. While early research
strove to elucidate the factors involved — such as
predictabilty, prosodic contexts, and local syntactic
structure — modern synthesizers learn to control
reduction implicitly. While they do very well in terms
of naturalness, at least for read-style speech, this
is not sufficient for all use cases. The growing
demand for speech synthesizers to be more use-
ful in more scenarios implies that they will need
expanded communicative range, and, in particu-
lar, the ability to effectively convey more pragmatic
functions (Wagner et al., 2019; Marge et al., 2022;
Mohan et al., 2021; Lameris et al., 2023).

Reduction has great potential value here. Al-
though its functions remain poorly understood, it
is involved in, at least, turn hold in English and
German (Local and Walker, 2012; Niebuhr et al.,
2013), repair and agreement in Dutch (Plug, 2005,
2011), sarcasm in German (Niebuhr, 2014), and, in
English, self-deprecating asides (Gustafson et al.,
2023b), cues for backchannel feedback, expres-
sions of a self-sufficient stance, topic closings
(Ward, 2019), and positive assessment (Ward et al.,
2025a). Indeed, it has been argued that phonetic
reduction can pattern with other prosodic features
and should be included in that set, along with voic-
ing properties and the traditional, pitch, energy, and

duration (Beller et al., 2008; Niebuhr, 2016; Ward
et al., 2025a). Better control of reduction in speech
synthesis is possible (Picart et al., 2014; Gustafson
et al., 2023a), so the time is ripe to prepare to ex-
ploit it in practice.

Progress has been impeded, however, by the
lack of a suitable tool for automatically detecting
reduction in speech. Such a tool could have value
in at least two ways. First, it could enable loss func-
tions for synthesizer training to include a penalty
for inappropriate use of reduction or inappropriate
lack thereof, as a step beyond pitch-only prosody
loss functions on the road to more complete and
accurate ones (Huang et al., 2023; Ward et al.,
2025b). Second, such a tool could support basic
linguistic studies to identify all the roles of reduc-
tion in conveying pragmatic functions, especially
through corpus studies. These advances could, ul-
timately, enable dialog systems that are better able
to recognize speaker intents, and also able to pro-
duce utterances that more clearly convey various
pragmatic functions.

2. Problem Statement

We aim to build tools with

Input: a speech signal, typically a conversa-
tional utterance, and
Output:  an estimate of the perceived degree of

reduction across the utterance, either

frame-by-frame or word-by-word.

This framing of the problem, inspired by (Ward
and Ortega, 2024), was chosen as the most rel-
evant for the goals noted above: better speech
synthesis and pragmatic function investigations. In
particular, we aim to model the percept of reduction,



as it is likely more directly relevant to communica-
tive functions than is any acoustic correlate.

3. Previous Approaches

Previous work on the automatic detection of re-
duction can be classified into correlate-based ap-
proaches, intelligibility-based approaches, and
perception-based approaches.

3.1.

In linguistic studies of reduction, most attention
has been directed at various acoustic correlates,
which reflect both general articulatory shortcuts and
the application of language-specific phonological
rules. For (semi-) automatic detection of reduction,
word duration has been commonly used. While
shortening is indeed a proxy for reduction (Jurafsky
etal., 1998), and it can be easily detected from tran-
scripts, when they exist, shortening is only one form
of reduction (Burdin and Clopper, 2015), and the
correspondence to the general percept is unknown.

Correlate-Based Approaches

3.2

Another body of work, more applications-oriented,
has aimed to characterize the overall level of reduc-
tion of a speaker, as a measure of intelligibilty.

For learners, acommon approach is to use Good-
ness of Pronunciation or similar estimates based
on where a speech recognizer fails or has low
confidence (Tu et al., 2018; Lubold et al., 2019;
Arias-Vergara et al., 2023). These techniques pre-
suppose the existence of transcribed data or high-
quality speech recognizers, but these do not exist
for all speech genres and all languages. Other
work has applied deep learning to the detection of
reduction in learners’ speech (Chen et al., 2022),
although this was only evaluated on clear cases.

For medical needs, for example to evaluate
whether a surgical intervention was beneficial, “ar-
ticulation entropy” as an acoustic measure and
measurements of articulator displacement using
electromagnetic articulography both have promise
(Lee et al., 2006; Jiao et al., 2016). As these meth-
ods have been tested only for making estimates
from relatively long samples of speech, they are not
yet suitable for use at the time scale at which reduc-
tion contributes to the expression of pragmatic func-
tions (Niebuhr et al., 2013; Niebuhr, 2014, 2016;
Ward et al., 2025a), namely reduction at the time
scale of words.

Here, rather than consider reduction to be a mere
indication of poor intelligibility (Quintas et al., 2023),
we aim to model it in its own right. While it is true
that people often perceive speech as more reduced
when it is more difficult to understand, or departs
from the norms of careful speech, it is also true that

Intelligibility-Based Approaches

many instances of reduction are perfectly intelligi-
ble in context. As a consequence, the degree of
reduction is a “speech feature” that is potentially
available to speakers and languages as a resource
for conveying meaning, and indeed often seems to
serve as such, as noted above.

3.3. A Perception-Based Approach

For these reasons, we chose to model perceived
reduction. This, however, brings challenges: the
lack of a standard definition and the variation in
what people perceive as reduced, as noted in the
only previous attempt to model perceived reduction
(Ward and Ortega, 2024), where low inter-annotator
agreement was flagged as a concern. Beyond
some observations in that paper, the causes and
extent of such perceptual differences do not seem
to have been examined, and we feel that this should
be a priority for future research. However, people
can still communicate despite these differences,
so incomplete knowledge here need not delay the
practical application of reduction modeling.

The only previous work that tried to model percep-
tions of reduction was our own (Ward and Ortega,
2024), which used a very similar problem defini-
tion, also chosing to focus on dialog data, rather
than read speech or monologue, and to treat re-
duction as a gradient phenomenon, rather than as
simply present or absent. The approach was to
use prosodic features, notably pitch, spectral tilt,
and harmonicity, as predictive features, inspired
by various reports of correlations between these
features and reduction or hyperarticulation. That
model, however, performed poorly, correlating only
(0.243) with human judgments.

Thus, previous work has not met the need for a
generally usable method for estimating the degree
of reduction in speech.

4. Data

For our primary datasets we used previously re-
leased resources (Ward et al., 2025a): these were
used for all training. For evaluation we used those
same data sets in leave-one-out fashion, plus three
new sets.

The training data is described in full in (Ward
et al., 2025a), but it is worth here noting some key
properties: It consists of pragmatically-rich conver-
sations labeled for degree of reduction at the region
level. Most regions being a single word, below we
refer to these also as word-level annotations. There
are 31 stereo minutes of English conversations and
25 of Spanish conversations. The sets for the two
languages are matched in two ways: all the speak-
ers came from the same demographic — namely
Spanish-English bilingual college students living in



greater El Paso, Texas — and the annotations were
all done by one individual, C, from the same de-
mographic and phonetically naive. The rubric was
“subjective judgments of being poorly articulated
or possibly hard to understand without context,”
according to which each region was labeled 0 for
enunciated, 1 for normal, 2 for reduced, or 3 for
highly reduced. Regions with only non-lexical ut-
terances (uh-huh, umm, etc.) or laughter were not
annotated. Both tracks of each conversation were
annotated. Of the 3051 annotated regions for En-
glish, 27% were either reduced or highly reduced,
and for Spanish, 31% of the 1614 regions.

We supplemented this data with three additional
sets of annotations, done following the same pro-
tocol. We accepted that perceptions of reduction
differ, and chose to respect this, rather than try to
rigidize the protocol to improve conformity.

The first new data set was designed to support
creation of a gold standard and to enable exami-
nation of inter-annotator agreement. For this, all
three authors independently annotated all regions
in 10 minutes from two of the English dialogs of
the primary data, chosen for the high engagement
level of the participants.

The other two data sets were added to exam-
ine generality across corpora, including variation
in recording conditions, genre, and demograph-
ics. First, one of us, D, annotated 4 stereo min-
utes from a corpus of telephone conversations
(Godfrey et al., 1992)(Godfrey et al., 1992). Un-
like our primary data, this was a conversation be-
tween strangers, who were middle-aged and had
an East Texas accent. Second, the same au-
thor annotated 9 minutes of one speaker in a dia-
log from a task-oriented dialog corpus (Lehnert-
LeHouillier et al., 2020). This speaker was an
adolescent interacting with a graduate student,
recorded through a desktop microphone. Unlike
the primary data, in this last data set the reduc-
tion levels were bimodal, with 12%, 43%, 11% and
35% of the frames being at levels 0, 1, 2, and 3,
respectively. All these annotations are released at
www.cs.utep.edu/nigel/reduction/ .

5. Models

Our basic strategy is to leverage the power of em-
beddings in speech pretrained models, that is, mod-
els trained by self-supervised learning. The internal
features of these models have been shown to rep-
resent information that is useful for many similar
discriminations and tasks (Lin et al., 2022; English
et al., 2023; Chernyak et al., 2022). Here we inves-
tigate, for the first time, whether these also contain
information relevant to reduction. Following com-
mon practice, we use pretrained-model features as
input to a simple downstream model which we train

for our specific task.

Specifically, we chose the HUBERT Base model
(Hsu et al., 2021), for two reasons. First it per-
formed well for other prosody-related tasks (Lin
et al.,, 2022). Second its features have been shown
to work well for emotion recognition, speaker identi-
fication and speech recognition, so they likely repre-
sent both low-level acoustic detail on the phonetic
realization and higher-level information, including
the speaker’s intended phoneme sequence.

Given an audio file, this outputs 12 layers of 768
features for each 20 millisecond frame, for each
track. Here we chose to use only the 12th-layer
features, which are generally good for many tasks
(Lin et al., 2022; Yang et al., 2024), and slightly
outperformed the other layers in pilot studies.

Our first task was frame-level predictions, for
which the prediction target was the label inherited
from the annotated region encompassing the frame.
For this the 768 features were fed into a simple lin-
ear regression model. We chose linear regression
to minimize the number of free parameters, as a
bid to avoid overfitting, given the limited size of the
data, and because linear decision heads can per-
form very well for tasks like this (Narain et al., 2025).
We evaluated models in leave-one-dialog-out style.

The second task was word-level predictions. For
this we tried two methods. The first method av-
eraged features for all frames within the labeled
region, and then fed the vector of feature averages
to the linear regression model from the first task,
but here to predict the word-level reduction. The
second method used the average of all the frame-
level predictions within the region.

The time and memory requirements here are
dominated by the first step: running HuBert to com-
pute the features. This takes less than one second
per second of stereo audio on a commodity lap-
top, but requires about 2GB per stereo minute to
process each file. We note that we compute these
features by file rather than by utterance, as margins
of a couple of seconds around any clip of interest
are needed to ensure stable computation of the
HuBert features.

In addition to this basic model, we tried variant
models of four types: using feature downselec-
tion before linear regression, using subsets of the
top PCA-derived features in an attempt to abstract
away from various types of noise, using HuBert
Large, and using an ensemble of per-speaker mod-
els.

6. Performance Metric and Results

We chose to measure performance by the correla-
tion between the predictions and the human anno-
tations. Correlations are appropriate because, for
purposes of pragmatic meanings, it is more useful



Task Correlation
Frame Predictions: 0.245

i . .. by average of features 0.272
Word-Level Predictions: by average of predictions  0.376

Table 1: Correlations between predicted and annotated values.

Model Correlation
basic 0.376
downselected to 96 features 0.313
downselected to 165 features 0.331
PCA features explaining 50% of the variance 0.224
PCA features explaining 90% of the variance 0.326
PCA features explaining 99% of the variance 0.322
PCA features explaining 99.9% of the variance 0.361
HuBert Large 0.266
ensemble of per-speaker models 0.384

Table 2: Word-level correlations for different models.

to know whether a word is reduced relative to the
norm for the current speaker than to know its abso-
lute level of reduction. While correlations somewhat
understate the true agreement, since the human
ratings were elicited using discrete scales, they are
adequate for making comparisons.

6.1. English

Table 1 shows the results for the primary data.
While we see only modest correlations, even the
weakest is statistically significant (p < 0.001, via
the t statistic).

From the table we also see that predicting reduc-
tion at the frame level is harder. This was confirmed
by plotting these predictions over time: they were
very unstable and noisy. But, of course, predicting
reduction at 20 ms granularity is not a real task: it
is useful only for supporting predictions at wider
time scales.

The table also shows that the second method
for word-level prediction performs better, unsurpris-
ingly, as it retains more information than the feature-
averaging method. We also find that this model out-
performs that of previous work (Ward and Ortega,
2024): 0.38 versus 0.24. This indicates the value
of using HuBert features rather than a small set of
prosodic features.

Table 2 shows the results with the variant mod-
els, all making word-level predictions using the
second method: averaging frame-level predictions.
None significantly outperforms the basic model. Hu-
Bert Large significantly underperforms, perhaps
because its 1024 features make overfitting easy.

genre an. frame word
face-to-face conversation C 0.24 0.38
face-to-face conversation D 0.23 0.29
telephone conversation D 0.18 0.29
task-oriented dialog D 0.22 043

Table 3: Correlations for different datasets. (Row
1: leave-one-dialog out, 6-fold over 31 minutes;
Row 2: trained on 26 minutes, tested on 5 by a
different annotator; Row 3 trained on 31, tested
cross-domain on 4 minutes; Row 4: trained on 31,
tested cross-domain on 9 mono minutes)

Table 3 shows that the model performs reason-
ably well also for other genres of English.

Table 4 shows the agreement both between an-
notators and between the model and each annota-
tor, over the 10 minutes for which we have multiple
annotations. We observe significant variation in
how much the pairs of annotators agreed, although
overall the level of agreement does not seem to
be worse than seen previously (Ward and Ortega,
2024). We think that this level of agreement is
not a flaw of our particular data, but an issue of
essential variation among people in how they per-
ceive reduction. In Table 4 we also see variation in
how well the model matched the different annota-
tors. While overall the model is performing below
inter-annotator agreement, 0.43 versus 0.47, the
difference is small, and the model sometimes out-
performs some annotators: for example, it does
better than annotator N as a predictor of J’'s percep-



C D N J average

C — 041 047 047

D 041 — 047 0.58

N 047 047 — 044

J 047 058 044 —

pairwise average 0.45 047 0.46 050 — 0.47
model 046 043 035 049 —043
discretized model 0.45 0.42 035 047 —0.42

Table 4: Frame-level agreement, correlations. The first four lines show the pairwise agreement among
annotators, the fifth shows the average agreement between the annotator named in the column head and
the other three annotators, the sixth shows the agreement between the model and the annotator named
in the column head, and the seventh similarly shows the performance for the discretized model.

Correlation

Frame Predictions:

Word-Level Predictions:

by average of features
by average of predictions
English-trained model

0.151
0.121
0.262
” 0.188

Table 5: Results for Spanish

tions: 0.49 versus 0.44.

As a follow-on, we also built a discretized model.
The main model outputs continuous values, but the
human annotators were limited to integers. While
this is a real advantage of the model, it makes the
comparisons somewhat unfair. To overcome this,
we created a variant model by simply discretizing
the basic model’s predictions, using thresholds cho-
sen according to the distribution of all annotators’
labels across the 10 minutes. As seen in the last
line of Table 4, the correlations for this model were
only slightly lower, and still mostly in the range of
human performance.

Finally, for the 10 minutes labeled by all four
annotators, we found the model’s correlation with
the average of the labels to be 0.55. As this average
is the nearest thing we have to a gold standard, we
report this as our headline performance number.

6.2. Spanish

Following the same approach, we also built a model
for Spanish. As seen in Table 5, the results were
lower than for English. Reasons for this may in-
clude: 1) the lower proportion of highly-reduced
regions in Spanish, which makes the prediction
task harder, and 2) the fact that the HuBert model
used was trained only on English data. In addition,
as afirst stab at cross-language generality, we mea-
sured the performance of the English-trained model
for predicting Spanish reduction; it was lower, unsur-
prisingly, given the differences in the phonotactics

and typical reduction patterns of the two languages,
such as the comparative paucity of consonant clus-
ters and of vowel reduction in Spanish.

7. Qualitative Analysis

To better understand the performance and limita-
tions of the basic model, we listened to the audio
input at places where its predictions were furthest
off, both overestimates and underestimates. We
did both for the frame-level and word-level predic-
tions. We did this for English only. We noted down
any salient properties at that frame or across that
region, and found that these often reflected a few
common patterns of failure.

The most important factor was speaker identity,
with the model’s prediction’s correlations ranging
from 0.15 to 0.51 per speaker. We also noted that
the model is better at predicting increased and de-
creased reduction than at predicting its absolute
levels. In other words, the scaling was often off:
for some speakers it generally underpredicted and
for others generally overpredicted. This relates
to an annotation tendency: the primary annotator
seemed to consider reduction as relative to the
norm for each speaker, which varied. If there are
applications where better approximating this an-
notation style is important, speaker normalization
would be appropriate.

Other factors related to the phonetic, lexical,
prosodic and pragmatic properties of the speech.
At the frame level, reduction overestimates often



featured the phonemes /v/, /I/, and various vow-
els near /e/, and reduction underestimates often
involved /6/. At the word level, the model often un-
derestimated reduction on short words that were
reduced to one phoneme, such as and reduced to
/n/ and if reduced to /f/. Some prosodic properties
were common in mispredictions: many of the over-
estimates were for cases of lengthening, and many
of the underestimates were in utterances with low
volume and/or creaky voice. Creaky voice can of
course reduce intelligibility (Cammenga, 2018), so
it is not surprising that many creaky regions were
annotated as reduced (Ward and Ortega, 2024),
but the two phenomena are not equivalent acousti-
cally nor, probably, in how they contribute to con-
veying pragmatic functions. Some dialog acts were
relatively common in mispredictions: many of the
overestimates were for speakers holding the floor,
which may relate to lengthening, and many of the
underestimates related to false starts, which may
relate to sharp transitions due to abrupt changes
in articulatory intent.

We also found occasional “errors” due to the in-
advertent inclusion of non-speech regions in some
of the test data; this is unsurprising, since the
concept of phonetic reduction is not meaningful
for non-lexical items or laughter, let alone silence,
so any model given such inputs will produce non-
meaningful output.

These observations can help potential users de-
cide whether and where to use this model. They
also suggest avenues for its improvement, and
give insight into both language features and an-
notator tendencies that future work should address.
Of course, many of these problems could be ad-
dressed alternatively by trying better models, be-
yond linear regression, and, of likely even greater
value, by expanding and improving the quantity and
quality of the training data.

8. Examples of Use

Given the modest correlations, the predictions of
this model cannot be relied upon for any specific
speech sample. However they can be useful for sta-
tistical work, where individual inaccuracies can bal-
ance out over enough data. This section provides
illustrations of the use of this tool for exploration
and discovery.

First, we used the model to examine the re-
lationship between reduction and turn yields, a
classic research question for which evidence has
been scant (Local and Walker, 2012; Niebuhr et al.,
2013), doubtless due to the effort required to hand-
label reduction. Our model enabled us to estimate
the average degree of reduction in the vicinity of
11012 prototypical turn ends in Switchboard (specif-
ically, timepoints at the end of at least 2 seconds of
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Figure 1: Average reduction level before turn yields,
blue line, together with the 25th and 75th percentile
averages, orange and green, respectively.

speech and followed within —0.25 to +0.75 seconds
by the start of a turn in the other track lasting at
least 2 seconds). Figure 1 clearly shows decreased
reduction about 1 second before these turns end.
This is compatible, as a contrapositive, with previ-
ous observations that reduction in English can be
common at turn-hold points. However the graph
also suggests that the picture is more complex, with
other tendencies at other temporal offsets. In any
case, the small magnitude of these effects is prob-
ably due to the fact that reduction is also affected
by many other factors.

Second, we used the model to explore how re-
duction patterns with other prosodic features. While
reduction has been argued to be part of the inven-
tory of prosodic features, automatically processing
it together with other features was never before pos-
sible. To do so, we added reduction as a feature
along with other prosodic features, each computed
over windows spanning three-second samples of
speech from dialog. We then applyed principal com-
ponent analysis to these features, a method shown
to be able to reveal interesting prosodic patterns
(Ward, 2019). Applying this to data from the Social
Speech corpus (Ward et al., 2013), and examin-
ing the resulting principal components, we found
reduction involved in several. Most interesting was
one which captured a pattern in which reduction
tended to last for a couple seconds, overlapping
a longer region of high pitch, and preceeding a
short region of louder, lengthened, and high-CPPS
speech. Upon listening to some examples, it was
clear that these were generally instances of em-
phasized words, preceded by a couple seconds of
reduction. Thus this suggests a pattern in which
reduction is present before emphasis.



Average Reduction Levels Before Prominences
of Each Type, across 10 speakers
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Figure 2: Average reduction level across 10 speak-
ers before prominence peaks: emphatic, strong,
and weak

This came as a surprise. The question of how
emphasis and prominence are realized has been
well-studied in prosody research (Kochanski et al.,
2005; Watson, 2010; Andreeva et al., 2014; Cole
et al., 2019; Ladd and Arvaniti, 2023), and is also
a question of practical importance for speech syn-
thesis (de Seyssel et al., 2024; Bauer et al., 2025).
However no previous work has noticed this connec-
tion. While syntagmatically plausible — emphasis
may be rendered clearer by contrast with previ-
ous reduction — and plausible also because of the
existence of various pre-prominence prosodic ten-
dencies (Roessig, 2024; Bishop and Kim, 2018;
Breen et al., 2010), it is noteworthy that here, with
no effort, the relationship appeared from the data.

Third, we followed up by examining this connec-
tion in 6 TED talks. We plotted the average level of
reduction in the vicinity of emphasized words, with
both emphasized stressed syllables and regular
stressed syllables annotated. These were anno-
tated using strict criteria, giving 68 instances of
the former and 56 of the latter. We found that re-
duction was on average greater in the emphasized
case over a region of about 400 to 200 milliseconds
before the start of the word with stress.

Fourth, we examined Youtube videos by 10 vlog-
gers, annotated for three degrees of prominence
following the DIMA guidelines (Kugler et al., 2019).
There were 741 instances of emphatic (level-3) re-
duction, 2680 of strong (level-2) reduction, and
1638 of weak (level-1). Figure 2 shows the av-
erage level of reduction over the 500 ms before
the prominence peak. There is an apparent ten-
dency to reduction over 500 to 280 ms before the
peak. Incidentally, the steep dive in reduction be-

Average Reduction Levels Before Prominences
of Each Type, speaker AD
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Figure 3: Average reduction level for Speaker AD
before prominence peaks: emphatic, strong, and
weak

fore emphasized peaks is likely because the em-
phasized syllables themselves are often enunciated
and lengthened.

As an additional follow-up, we examined each in-
dividual’s pattern of pre-emphasis reduction. Six of
the speakers had similar patterns, of which Speaker
AD was an exemplar, as seen in Figure 3. To
roughly gauge the strength of the connection for
this speaker, we compared the average reduction
over the 400-300ms before the peak for the em-
phatic prominences versus the weak ones, of which
there were 53 and 166 occurrances, respectively.
For this, the p value by a t-testis < .0001 (although
we are not testing a hypothesis) and the effect size
is about 0.71 standard deviations. However, the
individual variation was great, with some tending to
produce the reduction more weakly, more variably,
earlier, or later, and with one speaker apparently
lacking any tendency to pre-emphasis reduction.

Clearly we have raised more questions than
we can answer, including how these patterns are
aligned with segmental landmarks or other anchors,
and we hope that future work will explore these.
However, these illustrations do demonstrate how
this new tool can support new methods of inquiry
and enable new discoveries.

9. Summary

Our major contribution is the finding that a simple
architecture — just a linear regression layer over
HuBert features, trained on just a modest amount



of data — can predict perceptions of reduction. Its
performance is in the range of, and sometimes out-
performs, human inter-annotator agreement, and
far outperforms previous models (Ward and Ortega,
2024).

Our second major contribution is the reduction
estimation tools, for English and Spanish. These
are a set of python scripts that invoke the HuBert
model, train and/or apply a linear regression model,
and so on. They also include a ready-to-use En-
glish model, which we call ReduEst, trained on the
primary data, whose predictions correlate at 0.55
with average human judgments. This is released at
github/nigelgward/ISG_Reduction_Model

This model can support statistical studies of
reduction in corpora, and probably also other use
cases, including better speech synthesizer training
and evaluation.

Other contributions include the release of an-
notations to support testing other systems for this
task, statistics on inter-annotator agreement, con-
firmation that reduction patterns are language-
dependent, the identification of language properties
that can complicate reduction estimation, and the
discovery of a tendency to pre-emphasis reduction.
In addition, we flag some priorities for future work,
especially creating larger data resources and in-
vestigating how human perceptions of reduction
differ.

This work opens the door to broader and deeper
investigations of the functions of phonetic reduc-
tion in dialog. This should, in turn, enable more
accurate estimation of user states and intents from
speech, and more expressive speech synthesis.
Ultimately the benefit will be robots, Al agents, and
dialog systems able to communicate more effec-
tively with users.
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