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Abstract
Prosody modeling has garnered significant attention from the
speech processing community. Recent developments in mul-
tilingual latent spaces for representing linguistic and acoustic
information have become a new trend in various research direc-
tions. Therefore, we decided to evaluate the ability of multilin-
gual acoustic neural embeddings and knowledge-based features
to preserve sentence-mode-related information at the supraseg-
mental level. For linguistic information modeling, we selected
neural embeddings based on word- and phoneme-level latent
space representations. The experimental study was conducted
using Italian, French, and German audiobook recordings, as
well as emotional speech samples from EMO-DB. Both intra-
and inter-language experimental protocols were used to assess
classification performance for uni- and multimodal (early fu-
sion approach) features. For comparison, we used a sentence
mode prediction system built on top of automatically generated
WHISPER-based transcripts.
Index Terms: multimodal, multilingual, sentence mode predic-
tion, emotional prosody

1. Introduction
Prosody plays an important role in human-to-human communi-
cation. Prosodic cues are used to define boundaries between lin-
guistic units, specify the accentuation of a sentence, or indicate
different types of sentence moods. In addition to the linguistic
aspects of prosody, it can also be used to add emotional cues
to speech. Hence, proper prosody modeling is an important
research direction in speech and natural language processing.
Each language has unique prosodic patterns, making prosody
a language-specific phenomenon from a linguistic perspective.
The first attempt to establish a standardized prosodic transcrip-
tion system for English was introduced in [1], where the au-
thors developed the Tones and Break Indices (TOBI) frame-
work for prosodic event transcription. Later, the German TOBI
(GToBI) [2] standard was created to enhance prosody model-
ing in German. Linguists continue to refine and develop TOBI-
like standards for various languages. However, TOBI stan-
dards are language-specific, posing challenges for multilingual
prosody modeling. Additionally, generating accurate TOBI-
based prosodic transcriptions is costly and requires expert lin-
guists for speech annotation. One of the earliest research ef-
forts in multilingual prosody modeling can be traced back to
the Verbmobil project [3]. The Verbmobil project, addressed
the importance of prosody modeling for advanced speech un-
derstanding techniques. In [4], project contributors described a
speech-to-speech translation system—the first complete system
to successfully integrate prosodic information into linguistic
analysis. They demonstrated how prosody could be leveraged to

compute probabilities for clause boundaries, accentuation, and
sentence mood classification. The project’s primary goal was
to enable automatic speech translation by transferring prosodic
patterns across selected languages. Additionally, Verbmobil’s
partners emphasized the importance of prosody modeling for
the development of text-to-speech (TTS) [5] models.

Early attempts at prosody modeling in TTS systems relied
on knowledge-based features. Studies have shown that F0 mod-
eling [6–8] can enhance the prosodic characteristics of synthe-
sized speech. With the advent of self-supervised learning (SSL)
[9, 10] techniques and data-driven approaches in TTS [11],
prosody modeling has evolved to incorporate advanced linguis-
tic and acoustic neural embeddings generated by various pre-
trained SSL models [12, 13]. Recent findings in voice con-
version techniques have shown that in the FreeVC [14] ap-
proach, WavLM [15] feature representations (FRS), processed
through a bottleneck extractor, serve as encoder information
for the VITS [16] TTS system. In [17], researchers employed
an emotion-based encoder built on the pre-trained Wav2Vec2-
XLSR [18] model to enhance expressivity transfer in text-less
speech-to-speech translation. To make prosody modeling appli-
cable to multilingual setups, several research groups have pro-
posed using phone-level BERT embeddings [19, 20], modeled
on linguistic information from large multilingual text corpora.

Recent developments in end-to-end Automatic Speech
Recognition (ASR) systems [21, 22] have demonstrated that,
with sufficiently large models, joint multilingual and multi-
task training offers no drawbacks—and even provides ben-
efits. In addition to a multilingual training and processing
pipeline, WHISPER-based ASR [21] systems enable deep inte-
gration of modality modeling (linguistic—language modeling;
acoustic—acoustic models) within an advanced neural architec-
ture. This technique is based on a large-scale weak supervision
concept applied to extensive speech datasets with partial tran-
scription (textual transcripts without proper prosodic annota-
tions). As noted earlier, standardized speech transcription with
prosodic characteristics is a complex, language-specific process
requiring professional linguists. Therefore, in our study, we fo-
cused on providing sentence mode prediction for multilingual
settings. For the data-driven FRS representations we used pre-
trained multilingual SSL models to investigate multilinguality
from the perspective of a common for all modeled languages
latent space for both modalities: acoustic and linguistic. In our
study, we are addressing the following research question:
1. How well can sentence mode be predicted using uni-modal
(acoustic or linguistic) and multimodal processing techniques?
2. How well can sentence mode prediction performance be
achieved in cross-lingual experimental settings?
3. How well do sentence mode prediction techniques perform
on emotional speech?
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Figure 1: Overview of the proposed experimental study

2. Methodology
This section presents our methodology and datasets used in our
study. The processing flow of our multimodal sentence mode
prediction is presented in Figure 1. In our study we employed
acoustic and linguistic suprasegmental FRS which shoved out-
standing classification performance for speech based emotion
recognition. Acoustic FRS were represented using both hand-
crafted and data-driven features, while linguistic FRS were
data-driven with different levels of representation: words and
phonemes. For the data-driven FRS, we employed neural em-
beddings extracted from the final layer of a pre-trained neu-
ral model designed for general speech processing tasks. In the
case of data-driven acoustic and linguistic FRS, the sequence of
frame and word/phoneme-level embeddings was mapped into
a fixed-length vector using the mean function. In the case of
knowledge-based FRS, we used a broader pool of functionals
to generate fixed-length vectors for our suprasegmental mod-
eling. To remove prior information about punctuation, we re-
moved punctuation marks before extracting the linguistic FRS
for the entire sentence. To evaluate multimodal aspects, we used
an early fusion (EF) technique applied to fixed-length feature
representations. Two configurations of EF were used: a data-
driven acoustic + data-driven linguistic (sentence-level) setup
and a combined setup for all acoustic and linguistic FRS. For
classification purposes we employed MLP classifier. In or-
der to compare our proposed multimodal and multilingual sen-
tence mode prediction systems, we created a sentence mode
prediction system based on transcripts obtained with pre-trained
multilingual Automatic Speech Recognition (ASR) system -
WHISPER LARGE V3. More technical details on implementa-
tion side could be found in Section 3.

Datasets: In the proposed study we used corpora with mul-
tilingual audiobook recordings - CML-TTS [23] and auxiliary
emotional corpus EMO-DB [24] with acted German emotional
speech samples. We modeled three different sentence modes:
exclamatory (punctuation mark - !), interrogative (punctuation
mark - ?), and a combined class of declarative sentences (punc-

Table 1: Number of samples per sentence mode.

sign/lang. Italian French German
[“.”] 2870 4043 19346
[“!”] 1708 1751 14113
[“?”] 1648 1366 12259
Total 6226 7160 45718

tuation mark - .). In our study, we used speech samples from
three languages: Italian, French, and German. Although sen-
tence modes can be defined differently across languages, in our
study the three punctuation marks, namely, [“.”], [“!”], [“?”])
are treated in a similar way across the selected languages.

For the CML-TTS database, we wrote pre-selection script
to generate labeled samples for sentence mode prediction task.
Originally, the CML-TTS database provided transcripts with
punctuation applicable for training text-to-speech models. The
pre-selection script selected and assigned classification labels
based on the final punctuation mark. The number of speech
samples for each sentence mode can be found in the table 1.
To make our study easier to reproduce, the list of speech sam-
ples (Italian, French, and German) with corresponding sentence
mode labels can be found in our GitHub repository.1 For the
emotional speech corpora, we selected acted emotional speech
datasets with a predefined list of sentences. The EMO-DB
database includes 9 declarative sentences ending with a period
“.” and 1 interrogative sentence ending with a question mark
“?”. In our experimental study, we used all 535 speech sam-
ples from the EMO-DB: 79 neutral and 456 emotional. For
our experimental study, we use acoustic signals from wave files
presented in selected datasets, along with corresponding manual
transcripts with punctuation removed (see Figure 1).

3. Experimental setup
The section introduces system designs with corresponding ex-
perimental protocols, evaluation metrics, implementation tools
used for the study.
Systems: The first system in our study used all the previously
mentioned uni-modal FRS and two EF concepts described ear-
lier. To evaluate the intra-language experimental protocol, we
used a 5-fold cross-validation technique. For the inter-language
protocol, we trained classifiers on one language and evaluated
the obtained models on another.

For the second system, we used the WHISPER 2 ASR model
for transcription tasks with a predefined language. We then ap-
plied sentence mode detection based on punctuation markings
in the generated transcription texts. If both ’?’ and ‘!’ appeared
in the same transcript of a wave file, we assumed that second
system made a mistake. A list of wave files with double punc-
tuation marks will be provided in our GitHub repository.

The third system in our study was used for the intra-

1https://github.com/idiap/IS2025 MPM
2https://huggingface.co/openai/whisper-large-v3



Table 2: Sentence mode prediction performance in UAR [%] for system 1. Intra- and inter-language setups, CML-TTS database.

EVALUATION LANGUAGE

Italian French German
Training Type FR Version I Version II UAR I UAR II UAR I UAR II UAR I UAR II
Italian ACOUSTIC knowledge data-driven 51.51 55.71 41.27 48.67 43.45 48.30

LINGUISTIC phone word 53.76 58.85 44.84 56.60 41.42 64.54
EARLY FUSION data-driven all 64.14 59.40 57.42 45.31 59.38 49.87

French ACOUSTIC knowledge data-driven 41.38 47.61 46.28 55.56 41.50 51.21
LINGUISTIC phone word 45.79 47.03 52.20 60.14 44.87 57.56

EARLY FUSION data-driven all 50.52 47.68 67.10 63.22 63.13 53.42

German ACOUSTIC knowledge data-driven 44.61 47.78 45.63 49.47 56.01 61.53
LINGUISTIC phone word 39.55 57.54 39.24 62.15 60.04 69.17

EARLY FUSION data-driven all 54.45 58.51 60.75 63.62 74.22 73.40

language and cross-corpora experimental protocols. We trained
a sentence-mode classifier on the CML-TTS German subset
and evaluated the obtained models on EMO-DB database sam-
ples. Due to the fixed linguistic content of EMO-DB (10 pre-
defined sentences), we used only acoustic FRS
Metrics: Considering the imbalance in the number of instances
per class in the selected speech corpora, we decided to use
unweighted-average recall (UAR) to measure sentence mode
prediction performance and class-level recalls to measure clas-
sification performance per each sentence mode.
Implementation tools: In order to generate selected FRS we
used publicly available tools and pre-trained models. Descrip-
tions and links for the pre-trained models used for FRS gener-
ation were downloaded from Hugging Face, and those used for
FRS extraction can be found in our GitHub repository.
Acoustic FRs: For the knowledge-based handcrafted FRS, we
use COMPARE 2016 [25]. Feature set contains 6373 static turn-
level features. were The python OPENSMILE package [26] was
used to extract our knowledge-based FRS.

Considering top performance positions on challenge leader-
boards for self-supervised-learning SSL embeddings [27] of
general purposed for various tasks in SUPERB challenge [28]
and SUPERB-prosody challange [29] we employed WAVLM
(large) [15] embedding.
Linguistic FRs: For linguistics-based modeling, we employed
embeddings extracted at the phoneme and word-levels. In fig-
ure 1, we refer to these features as NLP data-driven (phoneme)
and NLP data-driven (word), respectively.

For word-level embedding representation, we used the
XLM-ROBERTA [30] model, pre-trained on 2.5 TB of fil-
tered CommonCrawl data containing 100 languages. Further-
more, the selection of phoneme-level FRS was justified by the
strong performance of emotional prosody modeling based on
phoneme-level acoustic features [31, 32]

Using phoneme-level latent space based on textual informa-
tion processing has become a recent trend in the TTS field [33].
In our study, we employed XPHONEBERT [19].

Table 3: Recognition performance of system 2. WHISPER ASR.

LANGUAGE UAR[%] RECALL [%]
[“.”] [“!”] [“?”]

Italian 57.03 96.72 20.55 53.82
French 64.10 97.40 15.25 79.65

German 58.99 98.75 14.55 63.66

Classifier: The MLP classifier with 100 neurons in a single
hidden layer and RELU activation function were used for train-
ing sentence mode prediction models. MLP was trained with
sklearn library in python.

4. Results
Table 2 presents UAR rates obtained with first system dur-
ing intra- and inter-language experimental setups. The results
for the intra-language experimental protocol can be found in
the diagonal of the table (i.e., matched conditions for training
and evaluation languages). The remaining (non-diagonal) re-
sult blocks correspond to the inter-language experimental pro-
tocols. Results for the best-performing FR combinations are
highlighted in bold for intra-language settings and underlined
for inter-language experimental protocols. For each type of FR
we used two versions: knowledge-based vs. data-driven (acous-
tic); phoneme- and word-level for linguistic data-driven FRS;
data-driven (acoustic and linguistic word-level) vs. all (four
types of acoustic and linguistic FRS). Results UAR I corre-
sponds to Version I and UAR II represent recognition rates for
Version II.

Table 3 presents sentence mode prediction performance for
second system, based on WHISPER ASR model. Class-wise
recall rates for exclamatory sentence ([“!”]) are lower then se-
lection by chance rates (33%) for all evaluated languages. List
of miss-recognized sentences (double punctuation signs ([“!”]
and [“?”])) for the 2nd system will be presented in our GitHub
site.Finally classification performance for the third system pre-
sented in Table 4. The table contains class-level recall rates
obtained during the cross-corpora sentence mode prediction
study. MLP models trained (CML-TTS German subset) of
three types of sentence modes in German language we evaluated
on EMO-DB database samples which contain instances for
combined class declarative sentences (punctuation mark [“.”])
vs. interrogative sentences (punctuation mark - [“?”]).

Table 4: Class-wise recall [%] for system 3. EMO-DB dataset.

TYPE OF ACOUSTIC FR
SPEECH knowledge data-driven

[“.”] [“?”] [“.”] [“?”]
NEUTRAL 9.72 42.86 52.78 42.86

EMOTIONAL 2.18 43.18 13.60 20.45
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Figure 2: Confusion matrices for sentence mode classification. Intra-language evaluation for German language samples from CML-
TTS database. Abbreviations: EF - early fusion.

5. Analysis

Results in Table 2 show that linguistic and acoustic neural em-
beddings, trained on large multilingual corpora, can be used
as FRS for effective sentence mode classification in cross-
language settings. It can be observed that the most discrimina-
tive features for intra- and cross-language experimental proto-
cols are obtained through the early fusion of data-driven word-
level embeddings (XLM-ROBERTA) and data-driven acous-
tic neural embeddings (WAVLM). Impressive recognition rates
were observed in a cross-corpora setup, where models were
trained on German speech and evaluated on French speech.
Models trained on word-level linguistic embeddings from Ger-
man (UAR=62.15%) outperformed the results obtained in an
intra-corpora setup (UAR=60.14%). For sentence-mode pre-
dictive models trained on German speech samples and evaluated
on Italian and French sentences, the baseline inter-language
UAR rates were obtained using early fusion of all FRS. The
results from early fusion outperform the performance achieved
with the data-driven EF setup: train German - test Italian:
54.45% vs. 58.51; train German - test French: 60.75%
vs. 63.62%. Hence, we assume that using phoneme-level
BERT combined with knowledge-based acoustic FRS could
provide beneficial information for cross-lingual settings, espe-
cially when the experimental languages belong to different lan-
guage groups (Germanic and Romance languages).

Figure 2 presents confusion matrices for an intra-language
experimental study conducted on German speech samples from
the CML-TTS database. As seen in Figure 2a and Figure 2b,
acoustic FRS provides slightly better class-wise recall rates for
exclamatory sentences. On the other hand, word-level linguistic
FRS has significantly better class-wise recall rates for interrog-
ative sentences. Finally, as shown in Figure 2c, applying early
fusion to data-driven acoustic and word-level linguistic FRS can
boost class-wise recall rates for both sentence modes: interrog-
ative and exclamatory. The complete pool of CF matrices can
be found in our GitHub’s page.

Table 4 results show that sentence mode prediction models
trained on acoustic data-driven FRS yield recall rates (53% and
43%) above chance level (33.33%) on neutral speech from the
EMO-DB database. On the other hand for emotional speech
samples sentence mode prediction dropped significantly for
both types of acoustic FRS. Also, most of the emotional speech
samples presented in EMO-DB database were miss-recognized
as exclamatory sentences (punctuation mark - [“!”]).

6. Conclusion
Addressing our first research question, we found that linguis-
tic FRS contain more sentence-mode-related information com-
pared to acoustic FRS. In our study, we demonstrated that
linguistic embeddings serve as a valuable source of sentence-
mode-specific, prosody-related information. Our findings align
with recent research [22, 34], which explores the enhancement
of prosodic characteristics using SSL-based embeddings as en-
coder representations. On the other hand, early fusion of data-
driven linguistic features (word-level embeddings) and acoustic
turn-level multilingual FRS provides the best performance for
intra-language experimental protocols, even though the evalu-
ated feature representation primarily reflects simple supraseg-
mental features.

Addressing our second research question, we showed that
data-driven FRS extracted from a common multilingual latent
space can be used for reliable cross-language sentence-mode
prediction. In cross-lingual sentence-mode prediction experi-
ments (models trained on German speech samples), we demon-
strated that the fusion of all FRS (all four types: data-driven
+ knowledge-based) can improve sentence-mode prediction.
This suggests that, in some cross-lingual experimental settings,
phoneme-level BERT and knowledge-based acoustic FRS can
enhance cross-lingual sentence-mode prediction performance.

In the case of the third research question related to
sentence-mode prediction on emotional speech samples, we
showed that sentence-mode prediction performance deterio-
rates on emotional speech samples. Sentence-mode predic-
tion models trained on German audiobook speech samples
showed RECALL[”?”]=42.86 and RECALL[”.”]=52.78 for neu-
tral speech from EMO-DB, and RECALL[”?”]=20.45 and RE-
CALL[”.”]=13.60 for emotional speech from EMO-DB. The
definition of exclamatory sentences as ’sentences that convey
strong emotions or feelings’ was observed in our cross-corpora
experimental study. Hence, most of the German emotional
speech samples with a single non-exclamatory tone were mis-
classified as exclamatory by sentence-mode prediction models
trained on CML-TTS German samples.

Experimental results obtained with the second system,
based on the WHISPER ASR transcripts, showed that recent
state-of-the-art multilingual ASR models are unable to detect
exclamatory sentences, even though the selected speech data
consists of well-articulated audiobook recordings. On the other
hand, the class-wise recall rates for declarative and exclamatory
sentences were high.
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