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Abstract
Speech-to-speech translation systems today do not adequately
support use for dialog purposes. In particular, nuances of
speaker intent and stance can be lost due to improper prosody
transfer. We present an exploration of what needs to be done to
overcome this. First, we developed a data collection protocol
in which bilingual speakers re-enact utterances from an earlier
conversation in their other language, and used this to collect
an English-Spanish corpus, so far comprising 1871 matched
utterance pairs. Second, we developed a simple prosodic dis-
similarity metric based on Euclidean distance over a broad set
of prosodic features. We then used these to investigate cross-
language prosodic differences, measure the likely utility of
three simple baseline models, and identify phenomena which
will require more powerful modeling. Our findings should in-
form future research on cross-language prosody and the de-
sign of speech-to-speech translation systems capable of effec-
tive prosody transfer.
Index Terms: speech-to-speech translation, corpus, prosodic
dissimilarity metric, English, Spanish

1. Introduction
Speech-to-speech translation systems are valuable tools for en-
abling cross-language communication. While very useful to-
day for short, transactional interactions, they are less so for
long-form conversation [1]. One reason is that, without proper
prosody transfer, translation systems are unable to reliably con-
vey many intents and stances, impeding users’ ability to deepen
their interpersonal relationships and social inclusion. In dialog,
prosody conveys pragmatic functions such as in turn-taking, ex-
pressions of attitudes, and negotiating agreement. Regarding
prosody, current translation systems generally aim only to pro-
duce prosody that sounds natural, but this is not always suffi-
cient.

In traditional models, translation is done by a cascade of
subsystems — for automatic speech recognition, machine trans-
lation, and speech synthesis — and the intermediate represen-
tations are just text, with all prosodic information lost. The
prospect instead of transferring the additional information pro-
vided by the source-language prosody was a motivation for the
development of unified, end-to-end models [2]. Despite rapid
recent advances [3, 4, 5, 6, 7], the ability of such models to
perform prosody transfer seems not to have been examined.
Rather, current approaches to prosody transfer handle it with
specific modules [8, 9, 10]. To date, these target only specific
functions of prosody, notably its roles in conveying paralin-
guistic/emotional state, emphasis, and syntactic structure, and
target only a few prosodic features, notably F0, pausing, and
word duration. Very recent work has shown that this can sig-

nificantly improve perceived translation quality [10], but also
that these techniques so far only close less than half of the per-
ceived gap between default prosody and the human reference.
Clearly, something is still missing. This paper investigates what
that might be.

While one might hope that the answer could be found in
the linguistics literature, published knowledge of how prosody
differs across languages focuses mostly on syllable-level, lex-
ical, and syntactic prosody. In particular, there is relatively
little work on differences in how prosody conveys pragmatic
functions. Even for English and Spanish, a well-studied pair,
our knowledge is sparse beyond a few topics such as turn-
taking [11], questions and declaratives [12, 13], and expression
of certainty [14]. However, these certainly do not exhaust the
prosodic meanings important for dialog. Further, these studies
have been mostly limited to differences in intonation and du-
ration, leaving out most prosodic features. Accordingly, this
paper takes a fresh look, using a corpus-based approach.

2. Protocol and corpus
To investigate prosodic differences in dialog, we need a suitable
cross-language corpus. However, corpora for speech-to-speech
translation today primarily comprise monologues, derived from
readings [15, 16, 17, 18], political discussions [19], or informa-
tive talks [20, 21, 22]. Those comprising dialogs were derived
from television show dubs [22, 10], lectures and press confer-
ences [23], or speech synthesis [24, 25]. Speech collected in
these settings lacks interactivity, spontaneity, and most of the
prosodic variation found in real dialog.

We accordingly developed the Dialogs Re-enacted Across
Languages (DRAL) protocol. This involves pairs of nonpro-
fessional, bilingual participants. They first have a ten-minute
conversation, which we record. These conversations are un-
scripted, although we sometimes suggest topics, which allows
for pragmatic diversity and spontaneous interactions. Depend-
ing on their relationship, the participants mostly get to know
each other, catch up on recent happenings, and/or share per-
sonal experiences. Subsequently, under the direction of a pro-
ducer, they select an utterance or exchange and closely re-enact
it in their other language, which may take several attempts to
get right. They then re-enact another utterance. The yield is
typically a few dozen matched pairs per one-hour session, with
overall good pragmatic diversity, as suggested by Table 1. Our
design choices and the DRAL corpus are discussed further in
our technical report [26].

Following this protocol we have so far collected 1871
matched EN-ES utterance pairs, from a total of 42 speakers.
The latest release, including source recordings and metadata,
is available at https://cs.utep.edu/nigel/dral/.
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In the following explorations, we use the first 1139 matched
“short” utterances, which each feature a single interlocutor. The
average duration is 2.5 seconds.

3. Utterance prosody representation
As our aim here is exploratory, we chose to work with simple,
explicit, interpretable representations of prosody. We use the
Midlevel Prosodic Features Toolkit1, as its features were de-
signed to be robust for dialog data, generally perceptually rele-
vant, and normalized per speaker. From the available features,
we selected ten based on previous utility for many tasks for sev-
eral languages [27], specifically: intensity, lengthening, creak-
iness, speaking rate, pitch highness, pitch lowness, pitch wide-
ness, pitch narrowness, peak disalignment (mostly late peak),
and cepstral peak prominence smoothed (CPPS), the latter an
inverse proxy for breathy voice. This rich set of prosodic fea-
tures supports more comprehensive analyses than most prosody
research efforts.

To characterize the prosody of an utterance, each base fea-
ture is computed over ten non-overlapping windows, together
spanning the whole utterance. Thus, each utterance is repre-
sented by 100 features. The window sizes are proportional to
an utterance’s duration and span fixed percentages of its dura-
tion: 0–5%, 5–10%, 10–20%, 20–30%, 30–50%, 50–70%, 70–
80%, 80–90%, 90–95%, 95–100%, as seen in Figure 1. This
representation is thus not aligned to either syllables or words,
but is appropriate for representing the sorts of overall levels and
contours that are most often associated with pragmatic func-
tions. Normalization occurs at two steps in the feature computa-
tion. The low-level (frame-level) features — pitch, energy, and
CPPS — are normalized per track to mitigate individual differ-
ences. Subsequently, the mid-level features (peak disalignment,
lengthening, etc.) are computed over each specified span for
every utterance, and after being computed for all utterances in a
track, each is z-normalized.

4. Cross-language feature correlations
For our first glimpse at the EN-ES prosody mapping, we exam-
ined the Spearman correlations between the 100 EN prosodic
features and the 100 ES prosodic features, across all matched
pairs. (We computed Spearman correlations as well within each
language for comparison.) Were EN and ES prosodically iden-
tical, we would expect each EN feature to correlate perfectly
with its ES counterpart. In fact, the correlations were far more
modest but always positive and often substantial: more than half
the features sharing the base feature and span have correlation
ρ ≥ 0.3. Thus, overall, EN and ES prosody is quite similar, and
pitch highness is generally the most similar, especially towards
the middle of utterances (e.g. 30–50%, ρ = 0.59). While some
features, such as pitch highness, have much stronger span-for-
span correlations, other features, notably speaking rate, length-
ening, and CPPS, have correlations that are strong throughout
the utterances. For example, speaking rate at every span in an
EN utterance correlates with speaking rate at every span in the
corresponding ES utterance. These findings are compatible with
the idea that English and Spanish prosody is overall roughly
similar, but that the locations of local prosodic events can vary,
likely due to differences in word order and lexical accents.

However, some correlations were much weaker. The low-
est cross-language correlations for the same features were for

1https://github.com/nigelgward/midlevel

creakiness and peak disalignment, suggesting that these are
likely to have different functions in the two languages. There
were also many off-diagonal correlations. Most of these were
unsurprising, such as the anticorrelations between the speaking
rate and lengthening features, but not all. For example, intensity
at the end of an EN utterance correlates with CPPS throughout
an ES utterance (EN 90–95% vs. ES 5–20%, 30–70%, and 80–
100%, ρ ≥ 0.3), while no such relationship was found within
either language. Examination of the ten pairs that most closely
reflect this pattern (EN high near final intensity and ES high
CPPS), showed that in half the speaker is preparing a follow-
up explanation. Thus, we have identified a pragmatic function
that seems to be prosodically marked differently in EN and ES.
Figure 1 shows the values for these two features for one such
pair.

Figure 1: Example of a matched pair with EN high near final
intensity and ES high CPPS. EN:“If you have an undergrad
in anything, you can just, skip to a Master’s in anything else”
ES:“Si tienes carrera en cualquier cosa, puedes brincar a la
maestrı́a en lo que sea”.

5. Prosodic dissimilarity metric
To judge the quality of prosody transfer, we need a measure
of how far the predicted prosody diverges from the observed
prosody in the human reference translation. If there existed
a synthesizer capable of realizing arbitrary prosodic specifica-
tions, we could just use it and then use human perceptions of the
match between the synthesized and reference speech. However,
no existing synthesizer is capable of this, especially for the rich
set of prosodic features we are investigating here. Existing met-
rics for estimating similarity from prosodic feature representa-
tions exist, such as [28] and [29], but these again are limited in
the prosodic features considered.

Accordingly, we propose a new simple metric. This esti-
mates the dissimilarity of two utterances as the Euclidean dis-
tance between their respective prosodic representations, as com-
puted in Section 3, with all features given equal weight.

We do not expect this metric to accurately match human
perceptions, but we can hope that it might be useful as a first-
pass metric for judging prosodic dissimilarity. To gauge this,
we compared its outputs to our perceptions of a few dozen
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Table 1: An anchor and its most similar and dissimilar utterances, as estimated by the prosodic dissimilarity metric.

Utterance Transcription Role

EN 016 16 I would be kind of scared to ask questions to the professor or. . . anchor

EN 034 20 It’s like, I would do meds, but in a lotion form. similar
EN 018 12 What have been like, some challenges for you in your career? similar
EN 025 1 So overall, what music do you prefer to listen to? similar
EN 025 7 So I have to pick music that I like, but also that people. . . similar

EN 011 41 And I really like Mejia because he is the one always like telling dissimilar
me “Hey, you should apply to this, you should apply to this”

EN 024 1 So uh yesterday you were telling me about, like, a weird, like, experience dissimilar
you had with the cops in Mexico, right?

EN 021 13 And the beach is really strange because it’s like a, you see, like the dissimilar
beach is not like a straight line. It was like a doughnut.

EN 019 19 But do you think that someone who hasn’t seen a Marvel move can just dissimilar
watch any movie? Or is there any specific movies they have to watch?

within-language utterance pairs. To structure this process, we
wrote software to randomly select an utterance (the “anchor”)
from the data and retrieve the four most similar utterances and
four most dissimilar utterances according to the metric. Ide-
ally, perhaps, we would have made holistic judgments of the
degree of prosodic similarity between each sample-anchor pair,
but, probably like most people, we lack this ability. Instead, we
repeatedly listened and identified whatever similarities and dis-
similarities we could note, taking 2 or 3 minutes per pair to do
so. The most salient of these were always at the level of prag-
matic function, rather than prosodic features, but we considered
this unproblematic, as the ultimate aim of prosody transfer is
pragmatic fidelity, not prosodic fidelity. We did this process for
seven anchors and eight comparisons utterances each, all from
the English half of the data.

We found, first, that the metric captures many aspects of
pragmatic similarity — including speaker confidence, revisiting
unpleasant experiences, discussing plans, describing sequences
of events, and describing personal feelings — all of which were
generally also prosodically similar. Table 1 shows one set of
utterances to illustrate. The prosody of this anchor utterance
suggested that the topic is personal feelings: a slow then fast
then slow speaking rate, a pause, and occasional use of creaky
voice. Each of the utterances rated similar by the metric shared
these qualities, albeit to varying degrees.

Second, we noted that the similarities found were not gener-
ally lexically governed. While some words and syntactic struc-
tures have characteristic prosody, and some of the pairs consid-
ered similar by the metric shared lexical content, such as music
in the fourth and fifth examples in Table 1, generally prosodic
similarity seemed to be orthogonal to lexical similarity.

Third, we noted that the metric does not always appear to
match perceptions. To try to understand its limitations and what
needs improving, we examined examples where our judgments
diverged most from the metric’s estimates, namely four which
the metric judged very similar but sounded rather different to
us, including EN 025 1 in Table 1, and two which we felt had
significant similarities but which the metric judged very differ-
ent, including EN 024 1 in Table 1. Of these, two pairs had
very salient nasality differences, which our model does not cap-
ture, and sounded very different in terms of pragmatic function,
specifically relating to the presumption of common ground. For
three pairs the problem seemed to be differences in syllable-

aligned pitch and energy contours, which are not directly repre-
sented by our features. However, for 50 of the 56 pairs exam-
ined, our judgments aligned with those of the model.

Thus, while the metric needs improving, overall we deemed
it likely to be useful. We consider these findings also to be
evidence that our prosody representation is meaningful. Ac-
cordingly, below we rely on both for evaluating the quality of
prosody transfer, as a way to obtain insight.

Table 2: Utterance pairs partitions, chosen to have roughly a
20/80 split and at most share one unique speaker.

# utterance pairs # unique speakers

Training 912 20
Testing 227 7

6. Comparison of modeling strategies
Our corpus and metric enable the evaluation of different models
of the cross-language prosody mappings. The task is, given the
prosody of an utterance in the source language, to predict the
prosody of its translation in the target language. The error is the
dissimilarity between the inferred prosody and the prosody of
the human re-enactment. We here report the results for models
in both directions, EN→ES and ES→EN, using the partition
described in Table 2.

The first model is intended to represent the best that can
be achieved with a typical cascaded speech-to-speech model,
with a synthesizer that operates in ignorance of the input-
utterance prosody. Our implementation relies on the lookup
of the human-generated translation in the target language, to
avoid the impact of ASR or MT errors. We use Whisper [30]
to transcribe this to a word sequence with punctuation and then
use Coqui TTS2 to synthesize speech from that transcription.
To ensure a fair comparison, utterances incorrectly transcribed
were excluded from the data. Table 2 reflects the 252 excluded
utterances. To judge the quality of each output, we compute a
representation of the prosody of the synthesized speech using
the method of Section 3.

2https://github.com/coqui-ai/TTS
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The second model predicts the prosody of the translation to
be identical to the prosody of the input: it trivially outputs the
same representation. This “naive” model embodies a strategy
of directly transferring the input prosody.

The third model is trained by linear regression. Thus, each
feature of the target prosody representation is predicted as a lin-
ear function of the 100 features of the input utterance.

Table 3: Model average error for prosody translation tasks.

Model EN→ES task ES→EN task

Synthesizer 12.65 12.32
Naive 11.35 11.35
Linear regression 9.23 9.37

Table 3 shows the three models’ overall average error. The
synthesizer baseline is outperformed by the naive baseline, sug-
gesting that keeping the same prosody in translation may be a
reasonable basic strategy. The naive baseline is in turn outper-
formed by the linear regression model, suggesting that even a
simple model can learn some aspects of the mapping between
English and Spanish prosody.

While our simple linear model shows a benefit, its predic-
tion error is still very high. We think the likely factors in-
clude not only the existence of mappings too complex for a
linear model, but also the small size of the training data, the
existence of free variation implying a permissible margin of er-
ror for our metric, unmodeled dependencies of target-language
prosody on the source-utterance context and its lexical content,
and speaker-specific prosody behavior tendencies.

7. Qualitative analysis
To better understand the challenges of cross-language prosody
modeling, we examined examples where the various models did
well or poorly.

First, we examined the 16 examples in each direction whose
synthesized prosody was least similar to the human-produced
target. The most common and salient differences were: fail-
ure to lengthen vowels and vary the speaking rate for utterances
where speakers are thinking or expressing uncertainty or hesita-
tion, failure to change pitch at turn ends, and generally sounding
read or rehearsed and thus unnatural for conversational speech.

Next, we exampled the 16 pairs for which the naive model
did worse, that is, the cases where the English and Spanish
prosody diverged most. Often there were salient differences,
in a few common patterns, such as ES utterances being creakier
than the English, EN but not ES utterances ending with rising
pitch, and EN utterances being breathier in some regions. The
latter two may reflect the common use of uptalk in English,
that is to say, the use of breathy voice and rising pitch to es-
tablish common ground regarding a referent [31], a pattern rare
in the Spanish dialect of our corpus. In other cases there were
no highly salient differences; presumably, these had multiple
smaller differences which added up to a big difference accord-
ing to the metric.

Next, we examined the examples where the linear regres-
sion model provided the most improvement relative to the naive
baseline; unsurprisingly these were often cases where it cor-
rected for the divergences mentioned above.

Finally, we examined the highest-magnitude coefficients of
the linear model. Most were unsurprising and reflected cor-

relations noted above. However, among the top three, there
was a –.32 coefficient relating EN lengthening over 5%–10%
to ES CPPS over 0%–5%. This may reflect the tendency for EN
speakers to start turns with fast speech (low lengthening) but not
ES speakers [32], who perhaps tend instead to start turns with
more harmonic (higher CPPS) speech.

8. Implications and future work
As we expected, these investigations indicate that effective
cross-language transfer will require attention to prosodic fea-
tures beyond pitch and duration. These include at least breathy
voice, creaky voice, and intensity. We also found that the
prosody of some pragmatic functions, as they occur in dialog,
differs in previously unsuspected ways across languages. These
include at least grounding, getting personal, leading into some-
thing, and taking the turn. These findings suggest that well-
designed prosody transfer techniques will be important for ef-
fective speech-to-speech translation. Finally, our results indi-
cate that doing so has the potential to convey many more prag-
matic functions and intents that have been previously managed.

These investigations relied on a small corpus, a non-
comprehensive prosody representation, and a crude metric. The
fact that these enabled us to obtain interesting findings, is evi-
dence for their utility. At the same time, all of these need ex-
tensions and improvements, and doing so would enable future
work to produce a clearer and broader picture of what prosody
is conveying in the two languages, how it does it, and what the
differences are.

In addition to such basic research, we envisage our findings
informing the design of speech-to-speech translation systems,
potentially via two paths. In one path, for end-to-end models,
an improved version of our dissimilarity metric, properly ex-
tended and tuned to model human perceptions, could serve as
the loss function for training. In the other path, for cascaded
models, our analysis techniques could inform the design of a
specific prosody-transfer module, and inspire the development
of synthesizers capable of following a rich prosody specifica-
tion and thereby conveying a wide range of pragmatic functions.
Given the unavoidable high cost and consequent low volume of
matched conversation data, either approach will mostly likely
need to exploit per-language or joint self-supervised training
techniques.

We share all our data, code, and observations at our public
repository: https://github.com/joneavila/DRAL.
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