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Abstract

We introduce Vox-Profile, a comprehensive benchmark to characterize rich speaker traits
and speech properties using speech foundation models. Unlike prior work that targets a
single dimension of speaker traits, Vox-Profile provides holistic and multi-dimensional
profiles spanning both static speaker traits (e.g., age, sex, accent, voice quality) and
dynamic speech traits (e.g., emotion, speech flow). This benchmark is grounded in speech
science and linguistics, developed with domain experts to accurately index speaker and
speech characteristics. We report benchmark experiments using over 15 publicly available
speech datasets and several widely used speech foundation models that target various static
and dynamic speaker and speech properties. In addition to benchmark experiments, we
showcase several downstream applications supported by Vox-Profile. First, we show that
Vox-Profile can augment existing speech recognition datasets to analyze ASR performance
variability. Vox-Profile is also used as a tool to evaluate the performance of speech
generation systems. Finally, we assess the quality of our automated profiles through
comparison with human evaluation and show convergent validity. Vox-Profile is publicly
available at: https://github.com/tiantiaf0627 /vox-profile-release.
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1 Introduction

Even brief segments of voice carry a wealth of information about a speaker, including their
age, sex, accent, emotion, and their physical environment and social context. The ability
to accurately predict these attributes from speech has significant value in advancing a wide
range of speech technologies. For example, conversational digital assistants like Alexa or
Siri can adapt responses based on a user’s perceived emotional state. Automatic speech
recognition systems (ASR) (Prabhavalkar et al., 2023) can improve transcription accuracy
by modeling and adapting to different accents. Despite these promising applications, much
of the progress in speech modeling has been centered on conventional tasks such as ASR
for transcribing spoken language, speaker diarization (Park et al., 2022) for tracking who
is speaking when, and speech enhancement (Michelsanti et al., 2021) for improving audio
speech quality. In contrast, there is limited work in systematically modeling and predicting
diverse speaker and speech traits.

Much of the existing research characterizing speakers has focused on learning speaker
embeddings, such as x-vectors (Snyder et al., 2018), which capture the unique vocal traits
of individual speakers. These embeddings emerged as foundational components in many
applications, most notably in speaker recognition and verification systems. While significant
progress has been made in using speaker embeddings to capture identity-specific vocal
features, relatively little work has focused on comprehensive modeling of other human-
interpretable speaker traits, such as accent and voice quality (or timbre). Recent work has
shown that robust inclusion of such traits holds great promise for downstream applications,
like style-prompted speech generation models. For example, the ParaSpeechCaps (Diwan
et al., 2025) dataset provides large-scale human annotations of speaker traits to facilitate the
development of high-performing text-to-speech (TTS) models capable of generating speech
with different speaking styles.

Although several studies have explored the modeling of speaker traits such as accents
(Zuluaga-Gomez et al., 2023) or age (Burkhardt et al., 2023), each study designs its unique
labeling choice in the classification, leading to inconsistencies across the literature. As a
result, a unified framework for defining, categorizing, and modeling different speaker or
speech traits is lacking. In this work, we propose Vox-Profile, one of the first bench-
marking efforts that systematically evaluates rich multi-dimensional speaker and speech
traits from English-speaking voices. Specifically, Vox-Profile experiments with over 15
publicly available datasets to predict static traits (e.g., age, sex, accent, and voice quality)
and dynamic traits (e.g., speech emotion, speech flow) in different recording conditions and
elicitation settings (e.g., read, spontaneous, and conversational speech). Our benchmark
covers popular speech models, including HuBERT (Hsu et al., 2021a), WavLM (Chen et al.,
2022), ECAPA-TDNN (Desplanques et al., 2020), and Whisper family (Radford et al., 2023).

Our proposed Vox-Profile benchmark exhibits multifold merits compared to prior works:
(1) Unlike previous work on modeling limited speaker traits or speech properties, Vox-Profile
provides a holistic characterization of an extensive list of traits from speech, including age,
sex, accents, emotions, voice quality, speech flow, and expressiveness. (2) Instead of solely
focusing on computational modeling, Vox-Profile integrates linguistically informed labeling
choices to better address the inconsistent label choices of speaker traits across datasets.
(3) The broad utility of Vox-Profile is established through investigating several potential
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Table 1: Comparison of Vox-Profile with existing literature in modeling speaker and speech
traits.

Categorized Arousal Voice Speech Speech
Age Sex  Accent Emotion Valence Quality Flow Expressiveness
VoxCeleb Enrichment (Hechmi et al., 2021 v v X X X X X X
CommonAccent (Zuluaga-Gomez et al. 2023) X X v X X X X X
GLOBE Wang et al.. 2024a v 4 v X X X X X
ParaSpeechCaps (Diwan et al. 2025) X v v v X v X v
Vox-Profile (Ours) v v v v v v 4 4

applications, including analyzing speech model performance, evaluating speech generation
systems, and automatically tagging speaking styles. Both machine and human evaluations
indicate that Vox-Profile offers reliable estimations of speaker and speech traits.

2 Related Work

Static Trait Modeling. We summarize several related representative works in Table 1
Age and sex prediction are long-standing tasks in speaker trait modeling. Burkhardt et
al.(Burkhardt et al., 2023) introduced a benchmark framework that uses several publicly
available datasets for age and sex prediction based on the transformer. In a related effort,
Yang et al.(Yang et al., 2025) investigated the effectiveness of WavLM embeddings for age
and sex prediction, showing that self-supervised speech representation can achieve higher
performances compared to i-vector features (Dehak et al., 2010). Apart from modeling
age and sex attributes from speech, there has been growing interest in predicting speaker
accents. For example, CommonAccent (Zuluaga-Gomez et al., 2023) introduced a benchmark
for accent classification using samples from Mozilla Common Voice (Ardila et al., 2020). It
reported strong performance in recognizing regional varieties of FEnglish, such as American,
Canadian and British English, using the ECAPA-TDNN speaker embedding model. GLOBE
(Wang et al., 2024a) is a similar effort that develops classifiers using HuBERT pre-trained
models on Common Voice to predict accent as well as sex and age.

Dynamic Trait Modeling. Several works have also focused on modeling and characterizing
dynamic speaker traits, such as speech emotion and fluency. One of the early efforts in
supporting speech emotion recognition (SER) is the release of the IEMOCAP dataset
(Busso et al., 2008), which provides annotated recordings of acted dialogues with fine-
grained emotional labels to develop emotion recognition systems. Several datasets have
since been designed to support more naturalistic emotion modeling, including the MSP-
Podcast (Lotfian and Busso, 2017), MELD (Poria et al., 2019), CREMA-D (Cao et al., 2014),
and CMU-MOSEI (Zadeh et al., 2018) datasets. Recent advances in speech foundation models
have also led to the development of high-performing SER systems. Leveraging pre-trained
representations from models such as WavLM and Whisper, researchers have demonstrated
improvements over traditional SER approaches (Wagner et al., 2023; Feng and Narayanan,
2023). Likewise, a growing body of research focused on predicting speech fluency to develop
robust language assessment systems. For example, SEP-28K (Lea et al., 2021) presents a
notable effort to release large-scale speech data annotated for disfluencies, including conditions
such as sound blocks.
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Table 2: The labeling scheme of speaker traits and speech properties in Vox-Profile
benchmark. The green, blue, and violet indicate speaker accents from North America, the
British Isles, and other regions or language backgrounds, respectively. For voice quality, the
colors green, blue, violet, olive, and orange represent dimensions of speaker pitch, rhythm,
clarity, voice texture, and volume defined by ParaSpeechCaps. Finally, the blue color denotes
labels related to speech disfluencies in the speech flow category.

Category Traits Labeling Scheme Datasets
Speaker S Male: Ferale TIMIT(Garofolo et al., 1993: VoxCeleb/ Nagrani et al., 2017);
peaker sex e Hemate CommonVoice Ardila et al., 2020)
Young adults (<30 Years); Adults (30-60 years); TIMIT(Garofolo et al., 1993); VoxCeleb(Nagrani et al., 2017);
Speaker Age . " . . T
Senior adults (=60 years) CommonVoice Ardila et al., 2020)
North America, English CommonVoice(Ardila et al., 2020);
Static North America, Welsh, Scottish EdAcc (Sanabria et al., 2023); CSLU-FAE
Traits Speaker Accent Northern Irish, Irish, Germanic British Isles (Demirsahimn et al., 2020b ; 1IMIT (Garofolo et al.. 1993
p Romance, Slavic, Semitic L2-ARCTIC Zhao et al.. 2018 ; VoxPopuli (Wang et al.. 2021 ;
Oceania, South Africa, East Asia Fair-Speech (Veliche et al.. 2024 ; ESLTTS Wang et al., 2024b
Southeast Asia, South Asia, Other Hispanic-Enghsh (Byrne et al., 2014 ; Nigerian-knghsh (mg. 2019
Shrill, Nasal, Deep; Singsong, Pitchy, Flowing,
Monotone, Staccato, Punctuated, Enunciated,
Voice Quality Hesitant; Crisp, Slurred, Lisp, Stammering; ParaSpeechCaps 'Diwan et al., 2025
Silky, Husky, Raspy, Guttural, Vocal-fry
Catego_rlcal Neutral, HaPp§', Sad, Angl’y, Contempt MSP-Podcast (Lotfian and Busso, 2017
Emotion Fear, Disgust, Surprise, Other ‘
. Arousal/Valence 0-1(Calm->Active) / 0-1(Negative->Positive) MSP-Podcast (Lotfian and Busso, 2017,
Dynamic
Traits Fluent, Disfluent (Prolongation, Word Repetition Sep-28K Lea et al.. 2021

Speech Flow

Sound Repetition, Block, Interjection) FluencyBank Ratner and MacWhinney, 2018’

Animated, Laughing, Passive
Whispered, Enunciated

Speech

. ParaSpeechCaps 'Diwan et al., 2025
Expressiveness i

3 Labeling Choice of Speaker Traits and Speech Properties

Unlike prior benchmarks focused on general speech modeling tasks (Yang et al., 2021),
Vox-Profile offers a structured benchmarking framework for systematically predicting a
broad range of speaker traits and speech properties. In developing this automated evaluation
pipeline, we observed considerable inconsistency across existing studies in how speaker traits
and speech properties are categorized, defined, and modeled. One of the closest prior efforts is
ParaSpeechCaps (Diwan et al., 2025), which proposes a labeling choice that models “intrinsic”
(e.g., accent) and “situational” (e.g., emotion) traits. However, its categorization remains
underspecified and difficult to reconcile with conventions based on empirical foundations
in speech science literature. For example, while ParaSpeechCaps includes a broad set
of emotional descriptors, these labels deviate from standard categorical and dimensional
emotion frameworks commonly used in speech and language research, creating challenges
when aligning datasets or comparing across studies.

Many existing approaches in speech trait modeling lack grounding in speech science and
linguistics, which often leads to ambiguous or ill-posed problem formulations. A prominent
example is speaker age modeling, which is frequently treated as a regression task targeting
a speaker’s exact chronological age (Si et al., 2022; Alharthi et al., 2025). However, this
framing overlooks numerous confounding variables such as biological sex, vocal anatomy,
and speaking habits that affect vocal aging. Crucially, it misaligns with how age is typically
perceived (and experienced) from speech: human listeners estimate age in broad intervals
rather than in precise years (Schotz, 2006; Skoog Waller et al., 2015). Similarly, accent
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classification is often based on a speaker’s nationality, as in ParaSpeechCaps, even though
nationality is not reliably inferable from speech alone, particularly in multilingual or diasporic
contexts (Rubin, 1992; Humayun et al., 2024). To address these challenges, we introduce a
linguistically principled labeling choice in Vox-Profile, designed to be generalizable across
diverse speech datasets and conditions.

We define two broad categories of speech traits to structure the benchmark: (1) Static
speaker traits capture relatively stable characteristics of the speaker: age, sex, accent, and
voice quality; and (2) dynamic speech traits reflect context-dependent aspects of speech that
can vary across situations, including emotion, speech expressiveness, and speech flow. The
full labeling choices are summarized in Table 2, with the description of all datasets used in
this benchmark and data splits for the benchmark experiment detailed in Appendix A.

3.1 Static Speaker Traits

Speaker Sex Biological sex as reflected in voice is relatively well-defined in the literature.
We follow standard practice by modeling it as a binary classification (male vs. female), while
recognizing that, in practice, acoustic parameters of voice quality do not always map cleanly
onto binary categories, particularly in the case of young children or speakers with atypical
vocal profiles.

Speaker Age As discussed earlier, many existing studies treat age estimation as a regression
task, aiming to predict a speaker’s exact chronological age from speech (Si et al., 2022;
Alharthi et al., 2025). We argue that this formulation is ill-posed: perceived vocal age
is shaped by multiple interacting factors and is more naturally categorized in intervals
than estimated precisely. Instead, we propose classifying speakers into three broad age
groups: young adults (18-30 years), adults (30-60 years), and senior adults (>60 years).
Speech science research (Reubold et al., 2010) indicates that the vocal characteristics
typically stabilize in early adulthood (approximately 18 years), with relatively consistent
voice characteristics across the adult decades. In contrast, age-related vocal changes, linked
to hormonal, physiological, and health-related factors, become increasingly salient from
around age 60 years onward.

Speaker Accent An accent refers to a distinctive way of pronouncing a language, typically
shaped by a speaker’s regional origin and linguistic background. However, the classification
of accents has varied widely across the literature with inconsistent labeling schemes and
taxonomic assumptions (Wang et al., 2024a; Zuluaga-Gomez et al., 2023; Zhong et al., 2025).
In this work, we introduce a unified and scalable labeling choice for accent classification, de-
signed to integrate multiple mainstream English-accent datasets under a coherent framework.
Focusing on English-speaking populations, we first organize accents into three broad regional
groups: North American, British Isles, and other regions or other language backgrounds (e.g.,
Oceania, South Asia, and Africa). Within the British Isles, we further distinguish specific
regional varieties: English (England), Scottish, Northern Irish, Welsh, and Irish. To better
capture systematic cross-linguistic influences on English pronunciation, we also group certain
English accents by the language family of the speakers’ first language (L1). This includes
Germanic (e.g., German, Dutch), Slavic (e.g., Russian, Polish), Romance (e.g., Spanish,
French, Italian), and Semitic (e.g., Arabic, Hebrew) language backgrounds. This typological
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grouping reflects the fact that related L1s often give rise to similar segmental and prosodic
transfer patterns in second-language (L2) English, which do not always align clearly with
national or geographic borders. Asian accents are organized by region, East Asia, South Asia,
and Southeast Asia, reflecting common typological and areal features. Additional categories
include Oceania and South Africa, representing other major English-speaking regions. Due
to underrepresentation in existing datasets, some language backgrounds are not able to be
classified into these categories reliably. For example, accents associated with Uralic languages
as L1s (e.g., Finnish) or with regions of Africa outside South Africa are grouped under the
general “Other” label. This labeling choice enables the integration of 11 publicly available
datasets, each with distinct accent labeling conventions, into a unified benchmark for training
and evaluating accent classification models.

Voice Quality Only a few publicly available datasets offer detailed annotations suitable
for modeling voice quality. For this benchmark, we adopt ParaSpeechCaps (Diwan et al.,
2025), the dataset with the most extensive human-annotated labels currently available in
this category. It defines voice quality across five perceptual dimensions: pitch, voice texture,
volume, clarity, and rhythm, each reflecting a distinct aspect of how a speaker’s voice is
perceived beyond segmental content. The specific labels associated with each dimension are
provided in Table 2.

3.2 Dynamic Speech Traits

Categorical Emotion There is an extensive list of SER datasets, including ITEMO-
CAP (Busso et al., 2008), MELD (Poria et al., 2019), CMU-MOSEI (Zadeh et al., 2018), and
CREMA-D (Cao et al., 2014), each employing distinct emotion labeling schemes. Among
them, we find the MSP-Podcast dataset (Lotfian and Busso, 2017) provides the largest
number of speech emotion samples recorded in naturalistic settings. Therefore, we adopt
its emotion labeling scheme, including categories neutral, happy, sad, angry, fear, disgust,
contempt, surprise, non-agreement, and others.

Arousal/Valence Arousal and valence are also widely used to describe emotional states
in speech (Kuppens et al., 2013). We define both arousal and valence as continuous variables
scaled from 0 to 1. Arousal represents the intensity of the emotion, with higher scores
indicating greater activation or energy. Valence reflects emotional polarity, with lower scores
corresponding to more negative affective states (e.g., sadness) and higher values to more
positive (e.g., happiness).

Speech Flow Speech flow has gained growing attention in recent years as a dimension
of fluency in spoken language (Ratner and MacWhinney, 2018). One of the most notable
resources is the Sep-28K dataset (Lea et al., 2021), which annotates disfluencies at scale.
Following this foundation, we categorize speech flow into two: fluent and disfluent. Disfluency
is further defined to include prolongations, word repetitions, sound repetitions, blocks, and
interjections (including filler words or hesitation sounds).

Speech Expressiveness The last dynamic trait we aim to model is speech expressiveness.
Similar to voice quality, the datasets available are scarce in this field. We adopt the
definitions provided in the ParaSpeechCaps (Diwan et al., 2025) dataset to guide our modeling.
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Figure 1: Overview of the Vox-Profile Benchmark and its applications. We highlight three
primary use cases: (1) speech model (such as ASR) performance analysis, (2) automated
speech generation evaluation, and (3) automated speaking style tagging. The figure uses
sources from the OpenMoji web.

Specifically, we categorize speech expressiveness into five types: animated, laughing, passive,
whispered, and enunciated.

4 Vox-Profile Benchmark

As shown in Figure 1, we propose a speaker traits and speech property modeling benchmark,
Vox-Profile, to model a wide range of speaker traits and speech properties defined above.
Our Vox-Profile benchmark can be applied to augment metadata for analyzing speech
model performances, evaluating speech generation systems, and curating synthetic speaking
style descriptions.

4.1 Benchmark Overview

Static Speaker Traits We examine the aforementioned speech foundation models to
predict different static traits from speech. (1) For age and sex classification, we experiment
with the multitask learning approach to jointly predict both traits. This is motivated by the
existing studies that show changes in voice characteristics across age can differ significantly
between males and females. Modeling them jointly is expected to allow the system to better
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capture these interactions and improve classification performance. We apply the concordance
correlation coefficient (CCC) (Lawrence and Lin, 1989) loss to train age prediction systems.
Instead of reporting regression results from absolute age values, we map ages into the three
predefined age groups and report the corresponding classification performance. (2) We
develop accent classification systems in two levels of categorization: broad and narrow.
The former targets broader accent categories, while the latter predicts 16 narrow accent
labels based on different regional and language backgrounds. (3) We formulate voice quality
prediction as a multi-label classification task since each speech sample can be associated
with multiple voice qualities.

Dynamic Speech Traits (1) Our categorical emotion and dimensional emotion (arousal
/ valence) modeling systems are built upon our recent top-ranked solutions (Lertpetchpun
et al., 2025; Feng et al., 2025) in the Speech Emotion Recognition in Naturalistic Conditions
Challenge at Interspeech 2025 (IS25-SER challenge) . Specifically, the categorical emotion
system applies the KL divergence loss to predict the distribution of categorical emotion
annotations. For arousal and valence modeling, we use the sigmoid function to map arousal
and valence values onto a normalized scale between 0 and 1. (2) For speech flow modeling, we
propose a multitask learning framework of 2 classification heads with one to predict whether
the speech is fluent or disfluent, the other to classify the specific types of disfluencies present.
We highlight that classifying types of disfluencies is a multilabel task, as multiple breaks can
co-occur in a single speech utterance. (3) We formulate speech expressiveness as a multilabel
classification task.

4.2 Data Preprocessing

For all experimental datasets used in speaker traits and speech properties classification,
we resample the audio to 16 kHz. We exclude audio samples shorter than 3 seconds, as
reliably estimating speaker traits or speech properties is not feasible with shorter speech
utterances. We also truncate the audio to 15 seconds due to the computation limitation in
training. Audios with corrupted formats are removed from the experiments. For speaker
accent classification, we discard samples with labels like British, as it does not specify the
regional varieties.

4.3 Modeling Approach

In Vox-Profile, we evaluate several widely studied speech foundation models, including the
HuBERT (Hsu et al., 2021a), WavLM (Hu et al., 2024), ECAPA-TDNN (Desplanques et al., 2020),
and Whisper (Radford et al., 2023) family with details reported in Appendix B. Since speaker
embedding models are primarily related to static speaker traits, we exclude the ECAPA-TDNN
model for predicting dynamic speech traits. For all experiments, we use the downstream
model architecture developed in (Pepino et al., 2021), where many existing works have shown
that this simple architecture achieves strong performance in a wide range of downstream
speech modeling tasks. Specifically, we first apply weighted averaging to combine hidden
representations of both the convolutional and Transformer (Vaswani et al., 2017) encoder
layers. The aggregated output is then processed through 1D-pointwise convolutional layers.

1. https://lab-msp.com/MSP-Podcast _Competition/IS2025
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Table 3: Comparison of different speech foundation models in predicting static traits. Overall,
the results show that Whisper Large achieves the overall best performance, while the WavLM-
based model shows moderate strength in accent prediction.

Speaker Age Speaker Sex Broad Accent Narrow Accent Voice Quality

Acc F1 Acc F1 Acc F1 Acc F1 F1

Speaker Model

LECAPA-TDNN  59.3 0.469 96.9 0.962 74.6 0.638 42.3 0.363 0.706
Self-Supervised

LHuBERT Large 57.1 0.501 96.7 0.960 85.4 0.841 49.1 0.443 0.692

LWavLM Large 67.6 0.624 97.7 0.971  92.9 0.884 65.7 0.617 0.703
Whisper Family

LWhisper Tiny 58.1 0.520 94.3 0.934 89.1 0.831 54.1 0.484 0.587

LWhisper Small 65.8 0.558 96.4 0.958 90.9 0.863 70.4 0.663 0.737

LWhisper Large 69.5 0.643 98.0 0.975 928 0.889 75.8 0.724 0.704

Finally, we average the convolutional outputs to obtain the final embeddings, which are
passed through fully connected layers for classification or regression. In addition to this
approach, we experiment with finetuning using Low-Rank Adaptation, LoRa (Hu et al.,
2022), an effective method for adapting speech foundation models. Details of the training
hyperparameters, such as learning rates and training epochs, and training resources, are
provided in Appendix C and D.

4.4 Evaluation Metrics

We compare different models in predicting speaker and speech traits, including biological
sex, age, accent, categorical emotions, and speech fluency/disfluency, using both accuracy
and macro F1 scores. Additionally, we report the macro F1 score when comparing models
predicting speech voice quality, specific speech disfluencies, and speech expressiveness. Finally,
we assess the predictions of arousal and valence using the concordance correlation coefficient
(CCC) (Lawrence and Lin, 1989) score.

5 Benchmark Performance

In this section, we present a detailed comparison of benchmark performance. We report the
top-performing scores for each model in Table 3 and Table 4. We then analyze the impact of
model ensembling, followed by a comparison with existing works from the literature.

5.1 Overall Benchmark Performance

Static Speaker Traits We compare the performance of different speech foundation models
in predicting static speaker traits shown in Table 3. The results indicate a positive correlation
between model parameter size and performance, with larger models generally achieving better
performance in speaker trait classification. Moreover, although the ECAPA-TDNN model is
optimized for speaker recognition tasks, finetuning ECAPA-TDNN still yields lower performance
than self-supervised or supervised speech foundation models, particularly in accent and age
classification. We observe that sex classification is relatively straightforward, with most
models achieving around 95% accuracy. Moreover, classifying between broad accent groups



TIANTIAN FENG ET AL.

Table 4: Comparison of different models in predicting dynamic speech traits.

Speech Emotion Arousal Valence Fluency Disfluency Type Speech Expressivenss
F1 cccC cccC Acc F1 F1 F1

Self-Supervised

LHuBERT Large 0.395 0.585 0.650 75.5  0.755 0.627 0.565

LWavLM Large 0.406 0.585 0.665 80.7 0.806 0.691 0.689
Whisper Family

LWhisper Tiny 0.337 0.545 0.522 76.4  0.762 0.639 0.484

LWhisper Small 0.387 0.583 0.623 80.4  0.804 0.653 0.751

LWhisper Large 0.416 0.588 0.645 80.6  0.805 0.670 0.848

Table 5: Experiments to compare Vox-Profile with existing work and impact of model
ensembles.

Vox-Profile Ensemble WavLM Large
Speaker Age ‘:’"s"” Large Model Acc  F1  Model Acc F1
(F1) nsemble
Accent (VCTK) Accent (British Isles)
Speaker Se: peech Flow ,CommonAccent 66.3  0.379 L,CommonAccent 69.4 0.581
(F1) (F1) LVox-Profile 72.6 0.423 LVox-Profile 83.9 0.770
Speaker Age (VoxCeleb) Speaker Sex (TIMIT)
LWav2Vec2-based 749 0.717 LWav2Vec2-based 99.4 0.993
LVox-Profile 75.6 0.716 LVox-Profile 99.5 0.995
Model F1 Model cccC
BFW:’F?;‘CE“ EC':;:%‘:I”(?I') Categorical Emotion Arousal / Valence
LIS25-SAIL SER 0.428 LIS25-SAIL SER 0.642 / 0.683
LVox-Profile 0.392 LVox-Profile 0.623 / 0.649

Voice Quality
(F1)

(a) Comparing model ensembles with (b) Comparing Vox-Profile benchmark performance with the
single model in Vox-Profile. existing literature.

(North American, British Isles, and other regional or language backgrounds) yields strong
performance, with macro F1 scores exceeding 0.80 in most models. However, narrow accent
prediction remains challenging with only Whisper Large achieving a 0.724 macro F1 score
in this task.

Dynamic Speech Traits We present results of dynamic traits prediction in Table 4
Consistent with findings for static trait prediction, we find that larger models perform
better, with Whisper Large and WavLM Large achieving the highest scores across most tasks.
Moreover, detecting disfluency in speech flow is relatively straightforward, with multiple
models achieving over 80% accuracy. In contrast, the benchmark results indicate that SER
remains challenging given the relatively low performance across most experiments. We
highlight that most models can only reach macro F1 scores around 0.4 (including our models
ranked as the top-performing solutions in the IS25-SER challenge).

Model Ensemble We investigate whether ensembling top-performing models further
improves the performance. The results in Table 5a show that naive ensembles of the two
top-performing models consistently yield moderate improvements compared to individual
models. In particular, we observe substantial gains in modeling static traits such as speech
voice quality, age, and sex.

10
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5.2 Comparing Vox-Profile Benchmark with Existing Literature

We compare the benchmark performance of Vox-Profile to several prior works. Regarding
the accent classification, we compare our model against a previous approach CommonAc-
cent (Zuluaga-Gomez et al., 2023) on the VCTK (Veaux et al., 2012) and British Isles (Demir-
sahin et al., 2020a) speaker datasets. To ensure a fair comparison, we mapped the label
schema used in CommonAccent to align with our accent labeling. As shown in Table 5b,
our benchmark model consistently outperforms CommonAccent in both datasets. Moreover,
we compare our speaker age and sex classification model with the approach presented in
(Burkhardt et al., 2023), using the test sets of the VoxCeleb and TIMIT datasets, respectively.
The results indicate that Vox-Profile achieves strong performance in both age and sex
prediction tasks. Finally, we compare our SER models with our top-performing system,
SAIL-SER, which achieves top-1 and top-2 scores in the categorical and dimensional SER in
the IS25-SER challenge. Note that SATL-SER utilizes both text and speech modalities, while
Vox-Profile relies solely on the speech input. The absence of text modality in Vox-Profile
explains the performance gap; however, it still achieves comparable performance despite this
limitation.

6 Enabling Versatile Speech Applications with Vox-Profile

6.1 Speech Model Performance Analysis

We show how Vox-Profile facilitates the analysis of speech model performance. Specifically,
we generate speaker and speech traits for existing datasets and investigate whether these
generated labels can lead to the same insights as using the ground truth trait information
in analyzing the speech model performances. For this experiment, we focus on ASR as a
representative task in speech modeling.

ASR Inference We augment accent and emotion labels for the VCTK and MSP-Podcast
datasets. For MSP-Podcast, we provide emotion labels only for the dev set, following the 4
most frequently represented emotions: neutral, sadness, happiness, and anger. Only samples
with confident predictions are used for computing ASR performance in the Vox-Profile
experiment. To mitigate the potential artifacts from using the same model architecture for
ASR and speech trait prediction, we use the Wav2Vec 2.0 Robust (Hsu et al., 2021b) to
infer the transcript. In our analysis, we exclude the ASR models, which the VCTK dataset
is trained on, such as Parakeet (Rekesh et al., 2023) or Canary (Rekesh et al., 2023), for
fair comparison.

Findings Figure 2 shows that ASR performance trends based on the ground truth trait
align closely with those using the predicted labels from Vox-Profile. In the VCTK dataset,
North American speakers consistently have lower WER scores than speakers from the British
Isles and those with “Other” accents, regardless of whether ground truth or synthetic labels
are used (p < 0.01 in both conditions). Moreover, whether using ground truth or predicted
emotion labels, in this particular dataset, speech expressing sadness is associated with
relatively lower WER scores, whereas happy speech tends to result in higher WER scores.
Overall, these findings suggest that Vox-Profile can generate reliable synthetic metadata
to facilitate in-depth analysis of speech model performance.
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Word Error Rate Analysis (VCTK)
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mmm Neutral
am Happiness
s Anger
mmm Sadness

WER

Ground Truth Traits Vox-Profile Traits

Ground Truth Traits Vox-Profile Traits

Figure 2: ASR performance trends, grouped by ground truth and predicted labels by
Vox-Profile. We measure WER, stratified by accent and emotion labels. We observe similar
performance trends between the predicted and ground truth trait labels.

6.2 Automated Evaluation Tool for Speech Generation Tasks

We demonstrate the utility of Vox-Profile as an evaluation tool for speech generation tasks
by comparing two representative models: FreeVC (Li et al., 2023) and VALLE-X (Zhang et al.,
2023). FreeVC is selected as a representative of textless voice conversion models that operate
in the latent space, aiming to transform source speech to match the voice identity of a
reference speaker. VALLE-X is chosen as a representative of voice cloning approaches based
on neural codecs, utilizing a concatenated pipeline of ASR and TTS conditioned on the
reference speech. It has been reported that textless models like FreeVC often struggle to
accurately reflect the accent of the reference speaker (Baade et al., 2024). On the other
hand, VALLE-X, by incorporating an intermediate text representation through ASR, is better
equipped to preserve accentual features in the generated speech.

To assess the ability of these models to reflect the accent of the reference speech, we
randomly selected source-reference (target) pairs from the VCTK dataset (Veaux et al.,
2012). For each pair, we synthesized speech samples and evaluated whether they more closely
resembled the source or reference speaker in terms of accent, by measuring cosine similarities
and accent prediction scores. Detailed configurations for FreeVC, VALLE-X, and the selected
test speakers are provided in Appendix D.1

As shown in Table 6, the accent prediction scores and the cosine similarity for the
synthesized samples from FreeVC suggest greater similarity to the source speaker’s accent
than to the reference speaker. In contrast, the scores for VALLE-X indicate closer alignment
with the reference speaker’s accent in most conditions. These findings are consistent with
previous studies, which report that FreeVC has limited capability in replicating the accentual
features of the reference speaker, whereas VALLE-X, due to its intermediate text-based
representation, more effectively preserves these features (Baade et al., 2024; Zhang et al.,
2023).

6.3 Generating Synthetic Speaking Style Prompt

We further apply the Vox-Profile as a tool for generating synthetic speaker and speech
traits to create speaking style prompts. Previous efforts to create synthetic speaking style
prompts, such as ParlerTTS (Lyth and King, 2024), rely on heuristic-based categorizations
of acoustic features, including fundamental frequency (F0) and signal-to-noise ratio (SNR).
More recently, ParaSpeechCaps introduced a large-scale, human-annotated dataset containing
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Table 6: Utilizing Vox-Profile to evaluate the accent conversion performance of FreeVC
and VALLE-X, by measuring cosine similarity (left table) and prediction scores (right table).

Similarity Between British Isles -> North America

Source = Reference (Source, Output) | (Reference, Output) Prediction Scores | British | North |
— N Isles | America
BLTFI:IS\%SIQS ~ North America 0.874 + 0.046 0.319 + 0.071 Source 551| 08 | 441
ee o B . .

LVALLE-X 0.512 + 0.103 0.543 + 0.080 Reference 7.5 |NEOSRNS 350

British Isles = Other FreeVC Output 59.8 0.8 395
LFreeVC 0.818 + 0.064 0.552 + 0.089 VALLE-X Output 1.9 1.1 86.9
LVALLE-X 0.497 + 0.102 0.908 + 0.055 British Isles -> Other

North America = British Isles Prediction Scores | British | North | o
LFrecVC 0.846 + 0.046 0.503 = 0.086 Isles_ | America
LVALLE-X 0.559 =+ 0.082 0.595 =+ 0.090 Source 551 0.8 44.1

Other = British Isles Reference 5.3 23 924
LFreeVC 0.937 + 0.036 0.658 + 0.090 FreeVC Output 56.7 08 425
LVALLE-X 0.960 + 0.030 0.552 £+ 0.097 VALLE-X Output 25 112 86.3

Human Evaluation of Speech Style-Prompt between Vox-Profile and ParaSpeechCaps

W Both are Similar W Vox-Profile is Better ParaSpeechCaps is Better
100%

50%

0%

Style-Prompt Speaker Sex Speaker Age Speaker Accent  Voice Quality Speech Flow  Speech Emotion
(Fluency)

Figure 3: Comparing human evaluation results between synthetic speaking style prompts
created by Vox-Profile and human-annotated prompts from ParaSpeechCaps. Human
raters provided their preferences across overall prompt quality, sex, age, accent, voice quality,
fluency, and emotion.

multiple speech traits, such as voice quality and speaker accent. In contrast to these prior
works, Vox-Profile provides a more extensive and varied set of traits, including speech flow,
arousal, valence, and speaker age. Moreover, computational models of Vox-Profile output
probabilistic predictions for each trait, enabling more nuanced and confidence-sensitive
descriptions. For example, a Scottish accent prediction with a probability of 0.9 can be
described as having a distinct Scottish accent, while a probability of 0.5 might be described
as a likely Scottish accent. This probabilistic framing supports the generation of speech
descriptions that better reflect the para-linguistic uncertainties with which humans naturally
perceive and interpret speech for information extraneous to linguistic messaging. To evaluate
the robustness and versatility of the style prompts generated by Vox-Profile, we propose
a comparative analysis between human-annotated and machine-generated style prompts
using the ParaSpeechCaps dataset. The detailed human evaluation procedure is described
in Appendix F.

Prompt Generation Since our voice quality and expressiveness models are trained on
the training set of the ParaSpeechCaps, we use speech samples from the test set for this
experiment. Specifically, we select 30 speech samples stratified by speaker sex and accent
(broader accent classes). For each selected sample, we use Vox-Profile to infer both
static and dynamic traits. To ensure reliability, we keep the predictions with high and
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moderate confidence levels, labeling them as "distinct/very likely" and "likely," respectively.
Traits with low confidence are excluded from prompt generation. Subsequently, we use
GPT-4.1 (OpenAl, 2024) to generate the speaking style prompt using the synthetic tags.
To ensure a fair comparison, we also apply the GPT-4.1 to generate the speaking style
prompt using the ParaSpeechCaps tags. The prompt generation follows the template used
in ParaSpeechCaps and the detailed description of confidence levels and prompt designs is
in Appendix E.

Human-Evaluation Results Human-evaluation results comparing synthetic speaking
style prompts from Vox-Profile and human-annotated speaking style prompts from Para-
SpeechCaps are presented in Figure 3. Overall, the results suggest that this group of human
raters shows similar preference levels for both synthetic and human-annotated speaking style
prompts. Specifically, they favor the emotion, age, and speech flow descriptions generated by
Vox-Profile over those from ParaSpeechCaps. For accent descriptions, the human raters
reach similar levels of agreement between ParaSpeechCaps and Vox-Profile in more than
50% unique evaluations. However, ground truth accent labels from ParaSpeechCaps still
outperform Vox-Profile in accurately describing speaker accents, highlighting that accent
prediction remains challenging in speaker trait modeling. In summary, the human evaluation
results provide evidence suggesting that Vox-Profile can be used to create synthetic speaking
style prompts that closely match human-labeled data.

7 Ethical Use and Mitigation of Misuses

It is critical to recognize that Vox-Profile predicts speaker group-level traits and does
not perform speaker recognition. Privacy risks are therefore different but not absent. The
intended use of Vox-Profile includes analysis, evaluation, and dataset augmentation, and it
should not be used for individual profiling or eligibility decisions. While speaker recognition
is used to uniquely identify individuals from speech, raising direct concerns about surveillance
or re-identification, Vox-Profile instead infers generalized traits such as age group, which are
less personally identifiable. Nonetheless, we acknowledge that under different conditions, even
these trait predictions may pose privacy risks depending on legal definitions, usage agreements,
or industry practices. To mitigate potential misuses, we discuss two complementary prevention
strategies below.

Legal Prevention Most Vox-Profile models are released under a Responsible Al Li-
cense (RAIL) that explicitly prohibits applications involving surveillance, discrimination, or
unauthorized inference of sensitive personal data under the scope of law and regulation. For
example, the license prohibits using the system to “detect or infer any legally protected class
or aspect of any person” or to “diagnose a medical condition without human oversight” Users
should respect the privacy and consent of the data subjects and adhere to the relevant laws
and regulations in their jurisdictions when using Vox-Profile. Specifically, models derived
from data hosted using FluencyBank (Ratner and MacWhinney, 2018), part of the TalkBank
system (MacWhinney), are subject to TalkBank’s Ground Rules and distributed under CC
BY-NC-SA 3.0. Moreover, we encourage users to apply Vox-Profile only for robustness
analysis and evaluation of speech technologies and not for individual re-identification. The
allowed applications include evaluating limitations in ASR models or improving speech
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generation systems, as shown in the paper. Relevant ethical considerations include, but are
not limited to, those outlined by Gao et al. (Gao et al., 2024).

Software Users may consider voice anonymization techniques before applying Vox-Profile
to prevent revealing sensitive data. For example, the researchers may consider adding noise
to specific features, as shown by (Mireshghallah et al., 2021), to anonymize speaker age, but
not speaker accent, when evaluating ASR models for accented voices, when consent allows
such use. Users may refer to more voice anonymization techniques described in (Tomashenko
et al. 2024).

8 Conclusion and Limitations

We propose Vox-Profile, a comprehensive benchmark for modeling speaker and speech
characteristics. This benchmark includes large-scale experiments across more than 15 public
speech datasets, evaluated using widely adopted speech foundation models, and delivers a
suite of high-performing trait prediction models. Our results show that Vox-Profile supports
a broad range of applications, including speech model performance analysis, generated speech
evaluation, and high-quality speaker and style prompt generation. Our next steps include
testing our benchmark in multilingual conditions and adding the prediction of multilingual
speech attributes like language identification and code-switching to improve accessibility for
more diverse language communities. Moreover, while Vox-Profile currently uses speech
models pre-trained mostly for ASR, we plan to expand to alternative architectures such as
Emotion2Vec (Ma et al., 2024) and Speech-LLMs (Fathullah et al., 2024, Hu et al., 2024),
which we expect will broaden the benchmark’s applicability to affective and conversational
speech technologies.

Limitations Firstly, the human evaluation in Section 6.3 is a small-scale study involving
approximately 10 raters and 30 speech samples. Because the raters consist primarily of male,
non-native English speakers (as shown in Appendix F), the current findings may not generalize
to broader listener populations. Specifically, a larger study with a more demographically
balanced group of raters is needed to evaluate whether perceptions of prompt quality differ
across listener groups. One other limitation is that we have not systematically verified whether
our evaluation datasets overlap with the data used to pre-train the speech foundation models.
For example, some Vox-Profile datasets, including Common Voice and VoxCeleb, may appear
in the published pretraining or fine-tuning corpora of related speech models. Specifically, we
cannot exclude potential overlap with the data used for the Whisper checkpoints.
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