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Abstract

Voice disorders significantly impact patient quality of life, yet
non-invasive automated diagnosis remains under-explored due
to both the scarcity of pathological voice data, and the variabil-
ity in recording sources. This work introduces MVP (Multi-
source Voice Pathology detection), a novel approach that lever-
ages transformers operating directly on raw voice signals. We
explore three fusion strategies to combine sentence reading and
sustained vowel recordings: waveform concatenation, interme-
diate feature fusion, and decision-level combination. Empirical
validation across the German, Portuguese, and Italian languages
shows that intermediate feature fusion using transformers best
captures the complementary characteristics of both recording
types. Our approach achieves up to +13% AUC improvement
over single-source methods.

Index Terms: voice pathology detection, multi-source analysis,
fusion strategies, transformers

1. Introduction

Voice disorders affect approximately 30% of the general pop-
ulation during their lifetime [1-3]. These conditions impact
daily communication, work performance, and overall quality
of life. Disorders range from functional issues such as mus-
cle tension dysphonia to organic pathologies such as vocal cord
nodules [4]. Early detection is crucial, as untreated disorders of-
ten progress to chronic conditions and cause psychological dis-
tress [5]. Current clinical diagnosis relies on specialized equip-
ment and clinicians. This approach is costly, invasive, and lim-
ited by specialist availability. There is thus a clear need for
accessible, non-invasive screening methods for early detection.

Automated voice pathology detection offers a promising
solution through machine learning analysis of voice record-
ings [6]. Previous work has explored various approaches, in-
cluding multilayer perceptrons trained on hand-crafted features
such as Mel-frequency cepstral coefficients (MFCCs) [7, 8], as
well as convolutional neural networks (CNNs) applied to spec-
trograms [9, 10]. Hybrid models combining CNNs and recur-
rent neural networks (RNNs) have also been investigated to bet-
ter capture temporal dependencies in voice signals [11]. More
recently, researchers have explored architectures that operate
directly on raw audio, such as 1D-CNNs [12] and transform-
ers [13], with the latter showing promising results in both voice
pathology and related speech disorders like dysarthria [14-18].

Current methods analyze either sustained vowels or contin-
uous speech in isolation [13,15,17]. Sustained vowels offer sta-
ble conditions for voice analysis but miss the dynamics of nat-
ural speech. Conversely, continuous speech captures everyday
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voice use and adds complexity through linguistic content and
prosody. Voice pathologies show different patterns across these
speaking tasks, limiting the effectiveness of single-source anal-
ysis. For instance, vocal nodules may affect sustained phonation
more noticeably, while muscle tension disorders might be more
evident during continuous speech [19, 20].

To address this limitation, we propose MVP (Multi-source
Voice Pathology detection), a framework that leverages both
sustained vowels and sentence readings through specialized
transformer models [21-23], and allows a comprehensive as-
sessment of vocal health. We specifically employ models pre-
trained on LibriSpeech [24] to analyze sentences and models
pre-trained on AudioSet [25] to process sustained vowels. Our
method builds on recent advances in transformer-based voice
pathology detection [6], but while previous work exploited en-
semble model separately trained on different sources, our ap-
proach explicitly explores multi-source integration at multiple
levels. We investigate three types of fusion strategy: wave-
form concatenation, intermediate representation fusion, and
decision-level combination. Each strategy addresses different
aspects of multi-source integration, from raw signal combina-
tion to high-level feature fusion. By employing specialized
transformer architectures for each recording type, MVP cap-
tures their unique acoustic characteristics while maintaining
crucial temporal relationships for pathology detection. The con-
tributions of this work are as follows.

e Multi-source framework. MVP combines sustained vowels
and sentence readings through specialized architectures.

Different fusion strategies. We compare different strategies
and show the advantages of intermediate representation fu-
sion in this context.

» Extensive evaluation. Experiments on three datasets demon-
strate robust performance across different languages and
recording conditions, with up to 13% AUC improvement over
state-of-the-art single-source methods.

2. MVP Framework

Our MVP framework addresses voice pathology detection by
combining multiple recording sources. It adopts a three-stage
architecture: (i) source-specific backbone models for feature
extraction, (ii) fusion strategies to combine information from
different sources, and (iii) a decision-making module for pathol-
ogy detection. Fig. 1 provides an overview of the method.

2.1. Backbone Models

We denote a sustained vowel recording as Xsy and a sentence
recording as Xs. For waveform concatenation, a single back-
bone processes the combined input. For intermediate fusion and
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Figure 1: Proposed MVP framework: waveform concatena-
tion (top panel), intermediate feature fusion (mid panel), and
decision-level combination (bottom panel).
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decision-level combination, each input is processed by special-
ized backbones. For sentence recordings, we use HuBERT pre-
trained on LibriSpeech [24], which captures linguistic content
and prosodic variations. For sustained vowel recordings, we use
HuBERT pre-trained on AudioSet [25], focusing on vocal qual-
ity and non-semantic features. The frame-level representations
extracted by each backbone are:

HSV = HuBERTAs(st), Hs = HuBERTLs (Xs) (1)
where Hsy € R”5V*% and Hs € R™*? contain temporal infor-
mation from each recording type, Tsv, Ts represents the source
lengths and d is the latent dimensionality of the representations.

2.2. Fusion Strategies

We explore three strategies for combining information from
sustained vowel and sentence recordings, each operating at a
different level of abstraction.

e Waveform Concatenation (WC). Raw audio signals are con-
catenated and processed by a single backbone, preserving all
information but potentially introducing artifacts due to the
different characteristics of each source (Fig. 1 (top)).

* Intermediate Feature Fusion (IFF). Features from special-
ized backbones are combined through fusion methods (Sec-
tion 2.2.1). This preserves source-specific characteristics
while enabling cross-source learning (Fig. 1 (middle)).

* Decision-Level Combination (DLC). This approach mimics
the pipeline proposed in [6], where an ensemble dynamically
selects between source-specific predictions by averaging in-
dividual backbones probabilities (Fig. 1 (bottom)).

2.2.1. Intermediate Feature Fusion

Given two feature sequences Hsy € RTV*¢ and Hs € RTs*4
from sustained vowels and sentence recordings, respectively,
we explore five methods to fuse them into a single vector
Zsed € R%. Each method represents a different approach to
capturing cross-source interactions [26].

Simple Concatenation (Baseline). We first apply average
pooling to each sequence independently to obtain global rep-
resentations Z?{ﬁg and Z? “€ for each source. The fused repre-
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sentation is their concatenation:

Zeonea = [Zy*; Z5™] € R* )

This approach preserves the global characteristics of each
source while providing a strong baseline for comparison.

Attention Pooling (AP). We concatenate sequences on the time
dimension and apply a learned attention mechanism to capture
the relative importance of different time steps. The attention
scores a; are computed using a learnable vector w € R%:

exp(wTHt)

—_ 3
S, exp(w Hy)’ @

oy =

Zap = Zath e R?
¢

where H; represents features at time step ¢ from the concate-
nated sequence [Hsy; Hs]. This method emphasizes the most
informative temporal features across both sources.

Gating Mechanism. This method introduces adaptive weight-
ing between sources through a learned gating mechanism [27].
We first obtain source-specific vectors using AP, then compute
an adaptive gating vector:

G=o(W D, “)

where W is a learnable matrix and o is the sigmoid function.
The gating allows the model to dynamically adjust the contri-
bution of each source.

Feature-wise Linear Modulation (FiLM). FiLM enables bidi-
rectional cross-source interactions by allowing each source to
modulate the other [28]:

[ SV7 ZGalmg =GO [st, Z?P}

ZE™M = Z8P o (1 + W2 Z8) + WS Z& Q)

ZN © (1 +WrzZE8) + wyze® (6)

where W3, W), W3, Wg are learnable parameters for scale
and shift operations. The final representation combines both
modulated features:

ZFlLM

FiLM | »FiLM
Z5M, ZEi

@)

This bidirectional modulation allows each source to influence
the other through learned transformations.

Zrim = |

Transformer Encoder (TE). We first concatenate the se-
quences along the time axis to form a combined sequence:

R(Tsv+T5)xd

Hombined = [HSV§ HS] S (8)

This sequence is processed through L transformer encoder lay-
ers, where self-attention mechanisms enable each time step
from one source to interact with all the time steps from both
sources. This fine-grained interaction preserves and leverages
the temporal structure of both sources. The final representation
is obtained through attention pooling:

Ztg = AP(TEL (Hcombined)) € R? )

2.3. Decision-Making Module

The output from any of the fusion strategies results in a final
fused representation Z. This representation is passed to the
decision-making module, which consists of a fully connected

layer followed by a sigmoid activation function:
9 = Sigmoid(FC(Z)) (10)

The output § € [0, 1] represents the probability of the positive
class (presence of voice pathology).



Table 1: Meanxstd performance of different fusion approaches across three datasets. Best results in bold, second-best underlined.
Models use either LibriSpeech (LS) or AudioSet (AS) pre-training. — Sent indicates fine-tuning on read sentences, —Vowel on
sustained vowels, —Mi x on both sources. * indicates frozen backbones. IFF fusion is implemented with TE.

| SVD AVFAD PV
Model # Params

\ Acc. F1 AUC \ Acc. F1 AUC \ Acc. F1 AUC

Single-Source Baselines
LS—Sent  94.64M 873+.058 .849+.062 .850+.048 | .872+.015 .871+.014 .877+015 | .875+.024 .870+.026 .847+.026
LS—Vowel 94.64M J47+075 724074 7324084 | 714+051 .705+061 .714+.061 | .622+.064 .617+062 .620+.062
AS—Sent  94.64M 817060 .801+.061  .810+.052 | .852+.045 .850+.047 .855+.050 | .828+.039 .823+.038 .815+.044
AS—Vowel 94.64M T79+.075  7T47+068  760+.079 | 798+.043  .758+.056 .756+.058 | .676+.059 .649+.060 .665+.055
LS—Mix 94.64M 780+.028  .791+.031  .765+.025 | .827+017 .826+.019 .827+.019 | .840+018 .831+.015 .831+016
Waveform Concatenation (WC)

LS 94.64M .896+.054  .882+.053  .891+.056 | .907+054 .906+.055 .908+.052 | .888+.066 .881+.067 .886+.060
AS 94.64M 875+.063  .869+.061  .873+.068 | .889+.042  .884+.045 .885+.049 | .836+.031 .832+.032 .831+.037
Intermediate Feature Fusion (IFF)

LS+AS # 17.98M .826+.036  .809+.035 .832+.023 | .833+.032 .831+.032 .834+.033 | .813+.048 .806+.045 .809+.048
LS+AS 206.73M | .958+.063 .953+.067 .958+.062 | .962+.040 .962+.039 .963:.038 | .939+.044 .931:.054 .936+.053
Decision-Level Combination (DLC)

LS+LS 189.28M | .885+.062 .863+.070 .860+.070 | .881+.095 .874+111 .879+.099 | .882+.083 .873+.084 .862+.064
AS+AS 189.28M | .864+.072 .855+.076 .857+.075 | .872+.034 .863+.034 .866+.035 | .837+061 .826+.095 .827+.102
LS+AS 189.28M | .898+.051 .884+.058 .896+.058 | .888+.092 .887+.108 .889+.096 | .896+.072 .877+074 .882+.062

3. Experimental Setup

To ensure reproducibility and fair comparison, in the following,
we detail our experimental setup across datasets, training, data
processing, and evaluation procedures'.

3.1. Datasets

We evaluate our approach on three datasets that contain both
sentence readings and sustained vowel emissions recorded un-
der controlled conditions.

SVD. The Saarbruecken Voice Database contains German voice
recordings from 2,043 subjects (687 healthy and 1,356 patho-
logical). Each recording session includes sustained vowels at
different pitch levels and a sentence-reading task. For consis-
tency with other datasets, we only use normal pitch vowels and
sentence readings.

AVFAD. The Advanced Voice Function Assessment Database
includes Portuguese recordings from 709 subjects (346 healthy
and 363 pathological). Each subject performs multiple tasks,
including sustained vowels /a/, /e/, /o/, and reading six
phonetically balanced sentences. We randomly select one of
the six sentences and one of the vowels for each subject.

IPV. The Italian Pathological Voice is a dataset including
recordings from 513 subjects (173 healthy and 340 patholog-
ical). Voice samples were recorded under standardized condi-
tions with a 30 cm mouth-to-microphone distance and ambient
noise below 30 dB. Each subject recorded a sustained vowel
/a/ and five phonetically balanced sentences. We randomly
select one sentence and the vowel for each speaker.

3.2. Implementation Details

Training Protocol and Data Processing. We perform 10-
fold cross-validation across all experiments, ensuring speaker-
independent splits. Each fold maintains the same healthy-to-
pathological ratio as the original dataset. All audio files are
resampled to 16 kHz and normalized to zero mean and unit

Ihttps ://github.com/koudounasalkis/MVP
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variance. For consistent processing, recordings are padded or
truncated to a fixed length of 5.0 seconds. We use an AdamW
optimizer with 5Se-5 learning rate and 0.01 weight decay. Train-
ing runs for 10 epochs with early stopping (patience=5) on val-
idation loss. We use binary cross-entropy loss and batch size
64. Training was performed on a single NVIDIA A100 80GB
GPU. For the TE fusion strategy, we set L = 2 transformer
encoder layers, which provides an effective balance between
model complexity and representational power.

Data Augmentation. We implement separate augmentation
strategies for sentences and sustained vowels to preserve their
distinct characteristics. For sentence readings, we apply aug-
mentation with 25% probability, including noise addition (SNR
between 0-30dB), speed perturbation (0.75x to 1.25x), pitch
shifting (+4 semitones), and their combinations. For sustained
vowels, we apply augmentation with a lower probability of 10%
to preserve their core vocal characteristics. This empirically-
determined approach aims to balance data diversity with signal
integrity, which is particularly important for sustained vowels
where stable phonation is essential for pathology detection.

Single-Source Baselines. We implement single-source base-
lines using HuBERT models pre-trained on either LibriSpeech
(LS) or AudioSet (AS) as they both were proven effective in
previous work [6]. Each baseline uses the same architecture as
our multi-source models but processes only one recording type,
enabling fair comparison of the multi-source advantage. An ad-
ditional baseline involves a single HuBERT (LS) model trained
on a mix of sentences and vowels.

Model Configuration and Evaluation. Our transformer back-
bone uses HUBERT in its base configuration with 94.64M pa-
rameters. For single-source baselines, we evaluate both pre-
trained models on each type of recording and the HuBERT (LS)
model trained on the mix of sources. In the IFF strategy, we
experiment with both frozen backbones (# — 17.98M trainable
parameters) and fine-tuned backbones (206.73M parameters).
We apply the fusion strategy extracting representation from the
5th layer of the SSL backbones — see Section 4.2 for detailed
ablation studies. For DLC, we train two LS- or AS- backbone



Table 2: A comparison of IFF fusion strategies, AUC scores.
Best results in bold second-best underlined.

Method | SVD  AVFAD IPV

Concat | .918+060 .920+.044 .915+.050
AP 948+.060  .955+.040  .929+.047
TE 958+.062 .963+.038 .936+.053
Gating | .947+068 .956+.045 .926+.049
FiLM 951+.062 .961+.041  .934+.053

Table 3: Ablation study on backbone models, AUC scores.
H=HuBERT, v2v=voc2vec, LS=LibriSpeech, AS=AudioSet.
Best results in bold second-best underlined.

Sentence  Vowel | SVD AVFAD IPV

H-LS H-LS 942+059  .951+042  .917+.067
H-AS H-AS | .935+072 .939+042 .901+.048
H-LS H-AS 958+.062 .963+.038 .936+.053
H-LS v2v .953+.056  .958+.044  .929+.044

models separately on sentences and vowels or a combined ap-
proach using both specialized backbones (LS+AS). In all cases,
the number of trainable parameters is 189.28M. We report ac-
curacy, macro F1 score, and AUC-ROC averaged across folds
with standard deviations to evaluate model performance.

4. Experimental Analysis

Table 1 demonstrates that our multi-source approach signifi-
cantly outperforms single-source baselines across all datasets.
The IFF-TE method with fine-tuned backbones achieves the
highest AUC scores: 95.8% (SVD), 96.3% (AVFAD), and
93.6% (IPV). This represents a 10-13% improvement over the
best single-source baseline, showing the clear advantage of the
multi-source approach. We separately investigate the impact of
IFF fusion strategies in Section 4.1.

When focusing on the single-source baselines, the results
confirm previous findings [6]: models consistently perform bet-
ter on sentence readings compared to sustained vowels. Sen-
tence readings may contain richer diagnostic information, pos-
sibly because they capture both phonation quality and dynamic
speech characteristics. However, training a single model on a
mixture of sources proves ineftective, This is likely because the
model cannot adapt to the diversity of recording types, leading
to weak overall performance. In contrast, the significant perfor-
mance improvement observed with our multi-source approach
highlights the complementary value of sustained vowels. IFF
also outperforms other fusion strategies such as WC and DLC.
Interestingly, WC performs better than DLC in two out of three
datasets while requiring only a single model, actually halving
the number of parameters. Even in simpler settings, concurrent
access to both sources allows WC to learn cross-source patterns,
supporting the value of joint analysis. DLC exhibits high stan-
dard deviations, likely due to the limited amount of data, espe-
cially when performing 10-fold cross-validation. An important
finding also emerges from the resource-constrained version of
IFF. Although the best results are achieved by fine-tuning both
backbones (206.73M parameters), the frozen variant (3) still
outperforms four of five single-source baselines with less than
20% of their trainable parameters. This highlights the benefits
of multi-source analysis even in resource-constrained scenarios
where fine-tuning large models may not be feasible.
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Table 4: Ablation study on feature extraction layer depth, AUC
scores. Best results in bold second-best underlined.

Layer | SVD AVFAD 1PV

4th 9444054 .945+.043 9244048
5th 958+.062 .963+.038  .936+.053
6th 9504055  .943+.046  .923+.060
7th 948+.066 .954+.042  .929+.061
Last 954+.061  .958+.037 .932+.072
Weighted | .953+.059 .957+042 .932+.057

4.1. Fusion Strategies

In Table 2 we analyze the impact of different IFF strategies for
cross-source learning. The Transformer Encoder (TE) achieves
the best overall performance, particularly on SVD and AVFAD,
likely due to its ability to correlate temporal relationships be-
tween sources. While FILM and AP provide strong alterna-
tives, the significant performance gap between learned fusion
strategies and simple concatenation (up to 4.7% on AVFAD)
highlights the importance of modeling fine-grained interactions
between sources. Effective voice pathology detection requires
careful modeling of how different vocal characteristics manifest
across both sustained and dynamic speech patterns. The results
suggest these characteristics in isolation are insufficient; their
correlations provide crucial diagnostic information.

4.2. Ablation Studies

To validate our choices, we conduct specific ablation studies
examining: (i) the impact of model architecture and pre-training
data sources, (ii) the optimal layer for feature extraction.

Impact of model architectures and pre-training sources. Ta-
ble 3 reveals the role of the model architecture and special-
ized pre-training for each source. The combination of HuBERT
models pre-trained on LibriSpeech (LS) for sentences and on
AudioSet (AS) for sustained vowels consistently outperforms
other configurations across all datasets. This aligns with re-
cent works [6] showing that sentence analysis benefits from
pre-training on speech data (LS), while sustained vowel anal-
ysis benefits from exposure to diverse acoustic events (AS). To
process sustained vowels, we also evaluate voc2vec [23] which
mimics the wav2vec 2.0 [29] architecture and it is pre-trained
on non-speech vocalizations. It shows competitive performance
without surpassing the HuBERT LS-AS combination. Special-
ized pre-training can thus improve performance, but the acous-
tic event coverage in AudioSet provides more effective repre-
sentations to capture pathological voice characteristics.

Optimal Representations. The results in Table 4 provide in-
sights into the ideal point of feature extraction. Although per-
formance remains relatively stable across different layers, fea-
ture extraction at the Sth layer consistently gives optimal results.
Mid-level representations provide the best balance between pre-
serving source-specific characteristics and enabling effective
cross-source integration [30]. Learned weighted sum across all
layers shows competitive but not superior performance, proving
that it may need more data for optimal weighting.

5. Conclusions

This paper presented MVP, a novel multi-source approach for
voice pathology detection that effectively combines sustained
vowels and sentence readings. Our experimental results across
three languages demonstrate that intermediate feature fusion
with transformers consistently outperforms single-source meth-
ods, achieving up to 13% AUC improvement.
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