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Abstract

Alzheimer’s Disease (AD) is a neurodegenerative condition
characterized by linguistic impairments. While ASR and LLMs
show promise in AD detection, ASR often normalizes key AD-
related speech patterns and faces cross-lingual challenges due
to language dependencies. Besides, ASR training demands
extensive matched data. In our paper, however, we employ
a phoneme recognizer as a frontend tokenizer. Provided it
has comprehensive phoneme coverage, a multitude of linguis-
tic phenomena can be represented via phoneme sequences, in-
cluding hesitations, repetitions, pauses, mispronunciations, and
even distinctions between different language identities that are
crucial for AD detection. Furthermore, the BERT model is em-
ployed to extract high-dimensional features from the Phonetic
PosteriorGrams (PPGs), which are ultimately used to diagnose
Alzheimer’s disease. Our approach offers cross-lingual appli-
cability, achieves competitive accuracy, and maintains compu-
tational efficiency.

Index Terms: phonetic posteriorGrams, Alzheimer’s disease
detection, cross-lingual, lightweight

1. Introduction

Alzheimer’s Disease (AD), a progressive neurodegenerative
disorder, profoundly affects spontaneous speech, leading to dis-
fluencies such as increased hesitations, prolonged pauses, and
difficulties in lexical retrieval [1]. These speech anomalies
serve as critical indicators of cognitive decline, making speech-
based assessment a promising avenue for early AD detection.
Recent studies have underscored the importance of preserv-
ing these subtle speech features, particularly through phoneme-
based models, to enhance the accuracy and robustness of AD
classification [2].

In addition, the application of deep learning models has
shown significant promise in the domain of AD detection. Zol-
noori et al. leveraged DistilBERT for AD classification, demon-
strating its clinical potential due to its efficient architecture and
reliable performance [3]. Similarly, Gémez-Zaragoza et al.
highlighted the utility of pauses and punctuation in speech, em-
ploying state-of-the-art machine learning methods to enhance
AD detection accuracy [4]. These studies reinforce the signif-
icance of subtle speech patterns in cognitive assessment and
highlight the growing reliance on advanced language models
for clinical applications.

Despite advancements in Automatic Speech Recognition
(ASR)-based approaches, significant challenges persist [5—13].
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ASR systems inherently normalize speech by correcting pro-
nunciation and sentence structure, often leading to the loss
of critical disfluencies such as hesitations, repetitions, and
pauses—features that are highly indicative of AD [14,15]. Al-
though prior works, such as those by Pan et al. [16] and Pappa-
gari et al. [17], successfully integrated ASR outputs with BERT
for AD classification, their reliance on language-specific tran-
scriptions limits cross-lingual generalization. This challenge is
further compounded when applying models trained on one lan-
guage to another, due to variations in phonetic structures and
linguistic patterns.

Nie et al. addressed these limitations by extending the
BERT framework to accept PPGs derived from a front-end
phoneme recognizer, preserving phoneme-level speech fea-
tures and demonstrating enhanced performance in cross-lingual
speech tasks [18]. PPGs, which retain silent syllables, repeated
syllables, and filler sounds like “um” and “uh,” offer a robust
representation of speech that is consistent across languages.
While several studies have leveraged PPGs for detecting speech
anomalies such as pauses and mispronunciations [19,20], their
application to AD detection remains underexplored.

In this paper, we propose the PPGs-BERT model, which
removes the potential for ASR-induced modifications to AD-
related features such as hesitations and pauses. In addition,
phonemes show stronger cross-linguistic generalization than
text, allowing our model to be applied across languages. Fur-
thermore, the backend BERT model enables the recognition of
phoneme sequences to complete the detection process. PPGs-
BERT provides a lightweight, efficient, and cross-lingual alter-
native to traditional systems, preserving speech features essen-
tial for accurate AD detection.

2. Methods
2.1. Model Overview

The PPGs-BERT model consists primarily of three components:
a phoneme recognizer, BERT model, and a binary classifica-
tion network, as illustrated in Figure 1. The model primarily
utilizes the BERT model to extract high-dimensional represen-
tations from phonetic posteriorGrams (PPGs) for Alzheimer’s
disease detection.

Alzheimer’s disease detection is achieved through two
stages of training. In the first stage, a phoneme recognizer
is employed to extract features from PPGs. These features,
along with positional encodings and temporally masked data,
serve as input to the BERT model, which is then trained using
Masked Language Modeling (MLM). In the second stage, dur-
ing Alzheimer’s disease detection, the parameters of the PPGs-
BERT model are frozen. The PPGs-BERT model is utilized to
extract high-dimensional representations from speech, followed
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by temporal average pooling. Subsequently, a binary classifica-
tion network comprising two fully connected layers is trained.
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Figure 1: PPGs-BERT model structure.
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2.2. Phonetic Posterior-Based Feature Extraction

Phonetic PosteriorGrams (PPGs) represent the posterior proba-
bility of each phoneme class corresponding to each specific time
frame in the speech [21]. Assuming the phoneme set of speech
is P, a phoneme recognizer g, () can be trained using labeled
data, and the posterior probability of x for each phoneme p can
be calculated given the acoustic feature vector x.

In this study, we extracted phoneme posterior probabili-
ties from speech using a pre-trained CRNN phoneme recog-
nizer. During training, the phoneme recognizer first extracts
Mel-spectrogram features from the speech and converts them
to a decibel scale. Subsequently, the extracted features are
fed into a model comprising convolutional neural networks and
bidirectional long short-term memory networks (BiLSTM) for
phoneme classification.

To pre-train the model, we utilized the TIMIT speech cor-
pus, which comprises a phonetically labeled collection of utter-
ances from 630 speakers across eight distinct American English
dialect regions. This pure English dataset is sampled at 16 kHz
and includes 61 phonemes, including 48 consonant-vowel com-
binations, 12 vowels, and a silence symbol [22]. Therefore, a
phoneme recognizer can be used to extract PPG features from
speech that are independent of the speaker.

2.3. BERT

In the original BERT model, the input comprises a combination
of word embeddings, positional embeddings, and segment em-
beddings. However, in the PPGs-BERT model, the input fea-
tures are PPGs obtained by converting speech into phonemes
using a phoneme recognizer. The phoneme posterior probabili-
ties at each frame are continuous distributions, making it infea-
sible to generate corresponding word embeddings as in the orig-
inal BERT model. To address this challenge, this study modifies
the input layer of the BERT model by removing the token em-
bedding layer and the segment embedding layer. Instead, the
PPGs features are directly added with positional encodings and
used as the input to the BERT model. During training, 15%
of the PPGs features in a mini-batch are randomly selected
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and processed according to the masking scheme of the origi-
nal BERT model. The modified BERT model performs only
the MLM task, which is used to reconstruct the masked data.
The reconstruction loss is calculated using the mean squared
error. This modified BERT model is capable of extracting high-
dimensional features from the PPGs.

3. Experienment
3.1. Monolingual Experiment

To assess the viability of the PPGs-BERT model for AD detec-
tion tasks, we conduct a monolingual AD detection experiment
using the English ADReSSo [23] dataset. Initially, we train the
PPGs-BERT model on samples derived from healthy individu-
als within the dataset, to capture and understand phoneme pat-
terns inherent in normal human speech. Subsequently, we train
downstream linear classification models on this dataset. Our ex-
perimental design employed a binary classification task, specif-
ically discerning between healthy individuals and AD patients,
aligning with the ADReSSo challenge.

Our approach utilizes PPGs as input to a BERT-based clas-
sifier, ensuring that speech features are retained before textual
transformation. We hypothesize that pauses and hesitations are
critical features that should not be ignored.To validate our hy-
pothesis, we perform an ablation study on the TIMIT-61 dataset
by removing the following phonemes:

* pau (pause)
* epi (epenthetic vowels, e.g., inserted schwa sounds)

To evaluate the impact of hesitation-related phonemes on
AD detection, we train two variations of the PPGs-BERT
model. The Baseline Model is trained on the full TIMIT-61
phoneme set, while the Filtered Model is trained on a modified
version of the dataset in which the phonemes “’pau” and “epi”
are removed.

Additionally, we explore the structural aspects of PPGs-
BERT, specifically experimenting with varying numbers of lay-
ers of self-attention blocks. Our investigation involves evalu-
ating model performance using 2, 4, 6, and 8 layers of self-
attention blocks, respectively, aiming to determine the most op-
timal model structure for AD detection.

3.2. Cross-Lingual Adaption Experiment

We utilize three datasets in English, Chinese, and Spanish fol-
lowing the defined datasplits for cross-lingual AD detection.
Since mild cognitive impairment (MCI) is an early AD stage,
we merge MCI into AD, making the task binary classification
between healthy controls (HC) and AD patients.

Table 1: Summary of Datasets Used in This Study

Dataset Language Groups Total
ADReSSo [23] English AD: 122, HC: 115 237
NCMMSC [24] Chinese AD: 26, MCI: 54, HC: 44 280
Ivanova [25] Spanish AD: 74, MCI: 91, HC: 197 362

To examine the cross-lingual generalization capabilities of
PPGs, we conduct a cross-lingual adaptation experiment em-
ploying the phoneme recognizer and PPGs-BERT trained on
one language data, consistent with our monolingual AD de-
tection experiment, we freeze the parameters of PPGs-BERT.
Then we adapt the model to the the other two languages domain



by solely training the parameters of downstream classification
models on the other two language datasets, shown in Table 4.

3.3. Experimental Settings

Since the audio file lengths in the dataset are not uniform, and
the maximum input length of the BERT model is 512, we used
a time window of 10s and a window shift of 6s to segment the
training and test sets. For audio files with fewer segments af-
ter segmentation in the training set, we used data augmentation
with noise to obtain a balanced training set. The training data
was then split into a training set and a validation set in a ratio of
4:1. During testing, each segment of the test set was tested sep-
arately, and the classification probabilities obtained were nor-
malized. The classification probabilities of each segment of an
audio file were then added together to obtain the result for that
audio file.

Due to the utilization of a phoneme recognizer to extract
61-dimensional features from phoneme posterior probability
graphs, the feature dimensionality of the BERT model is ac-
cordingly set to 61. The BERT model comprises primarily 6
layers of Transformer Encoder, with each layer containing 12
attention heads. During the initial training phase of the PPGs-
BERT model, Adam optimizer is employed with a learning rate
of 0.0002 for 30 iterations. Subsequently, in the second train-
ing phase, the parameters of the PPGs-BERT model are fixed.
This model is then utilized to extract high-dimensional repre-
sentations of each segment, followed by averaging pooling of
the BERT outputs. Consequently, each speech segment is trans-
formed into a 61-dimensional vector. Subsequent classification
involves passing this vector through two fully connected layers
with ReLU activation functions, with 32 and 2 neurons, respec-
tively. Training of the classification network employs stochas-
tic gradient descent with momentum, utilizing a learning rate of
0.0001 and a momentum of 0.9 for 20 iterations.

As for the control experiments using MobileNetV2 and
ResNet, the same data processing procedures are followed, Mel-
spectrogram features of the audio are extracted, logarithmically
transformed, and then fed into the respective neural networks.
Training is conducted using Adam optimizer with a learning
rate of 0.0001 for 40 iterations.

4. Result
4.1. Monolingual Experiment

Table 2 presents the classification performance on ADReSSo.
Removing hesitation-related phonemes led to a significant drop
in accuracy (-14.0%) and Fl-score (-11.9%), indicating their
importance in AD detection. The filtered model which removes
”pau” and “epi” misclassified more AD cases as healthy con-
trols, emphasizing the role of hesitation cues.

Table 2: Effect of Removing Hesitation-Related Phonemes on
AD Detection

Model Accuracy (%) Recall (%) Precision (%) F1 (%)
Unfilitered 73.2 74.3 72.2 73.2
Filtered  59.2 65.7 57.5 61.3

Table 3 compares PPGs-BERT-6 with existing AD de-
tection models. PPGs-BERT-6 achieves the highest accuracy
(73.2%), surpassing SVM-based methods (eGeMAPs, Acous-
tic features) and CNN-based models (MobileNetV2, ResNet),
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which struggle with acoustic variability. ASR-based methods
(Wav2vec + BERT, ASpIRE + BERT) show lower generaliza-
tion, as text-based models fail to retain phoneme-level disfluen-
cies critical for AD detection.

Table 3: Comparison of PPGs-BERT with Other Works

Model Accuracy Recall Precision F1
eGeMAPs + SVM [26] 64.7 - - -
Acoustic features + SVM [27] 64.8 314 917 46.8
MobileNetV2 [28] 64.8 629 64.7 63.8
ResNet [29] 63.4 80.0 59.6 68.3
Wav2vec + BERT [30] 73.2 732 734 73.2
ASpIRE + BERT [31] 63.1 - - -
DeepSpeech + BERT [32] 70.5 - - -
LogMel + BERT (ablation)  54.9 97.1 139 68.0
PPGs-BERT-6 73.2 743  72.2 73.2
PPGs-BERT-8 66.2 514 720 60.0
PPGs-BERT-4 63.4 77.1  60.0 67.5

To assess the impact of Transformer depth, we evaluate
PPGs-BERT with different layer configurations (4, 6, 8 layers).
PPGs-BERT-6 achieves the best balance, while PPGs-BERT-4
underfits due to limited capacity, and PPGs-BERT-8 overfits,
favoring a specific class. Figure 2 presents the confusion matri-
ces, showing classification biases in deeper models due to data

limitations.
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Figure 2: The confusion matrices for the PPGs-BERT-6, PPGs-
BERT-8, and PPGs-BERT-4.

The eGeMAPS+SVM model [26], the official baseline
from the INTERSPEECH ADReSSo challenge , utilizes the
eGeMAPS paralinguistic feature set with an SVM classifier.
Similarly, in the Acoustic Features+SVM model [27], features
such as mean, variance, and peak of Mel frequency cepstrum
coefficients were extracted to form a 168-dimensional feature
set, which was then classified using support vector machines.
These two methods have certain detection effects, possibly due
to the fact that the paralinguistic feature set can reflect informa-
tion such as speech speed and pauses, while there are certain
differences between patients and healthy individuals.

Two CNN-based models, MobileNetV2 [28] and ResNet
[29] both extract logarithmic Mel spectral features from audio
and input them into their respective neural networks for classi-
fication. MobileNetV2 uses Mel-spectrogram features as input
and employs neural networks for classification. ResNet, on the
other hand, processes Mel-spectrogram images using a convo-
lutional residual network, classifying speech samples into cate-
gories of Alzheimer’s disease patients and healthy individuals.
The effectiveness of traditional neural network methods in de-
tecting Alzheimer’s disease is limited, possibly due to the diffi-
culty of conventional convolutional neural networks in extract-
ing long-distance features.

The ASR-based models, Wav2vec+BERT [30], AS-
PIRE+BERT [31], and DeepSpeech+BERT [32], follow a



Table 4: Cross-lingual Performance of PPGs-BERT-6 (Accuracy %)

Model Training: ADReSSo Training: NCMMSC Training: Ivanova
Testing ADReSSo NCMMSC Ivanova | ADReSSo  NCMMSC Ivanova | ADReSSo  NCMMSC  Ivanova
Acoustic + SVM 64.8 62.3 60.5 52.1 81.1 58.1 63.4 62.3 72.1
PPGs-BERT-6 (Ours) 73.2 86.5 73.7 63.0 824 61.4 69.0 55.5 66.7

speech-to-text pipeline. Wav2vec+BERT extracts text represen-
tations from Wav2vec transcriptions. This study has achieved
comparable performance, indicating that high-dimensional rep-
resentation extracted from PPGs can reflect the sound change of
patients to a certain extent. ASpIRE+BERT used a pre-trained
ASpIRE recipe in Kaldi. ASpIRE was a far-field speech recog-
nition challenge held by IARPA. DeepSpeech+BERT gener-
ate transcripts from spontaneous speech using a pre-trained En-
glish DeepSpeech model from Mozilla [33]. Although these ap-
proaches achieve strong performance on monolingual datasets,
they suffer from feature loss, as ASR models normalize speech
patterns, removing essential disfluencies such as hesitations and
pauses—key markers for AD detection. Additionally, these
models perform poorly in cross-lingual and multilingual set-
tings, where phoneme-level cues are more consistent than text-
based transcriptions.

To further assess the contribution of PPGs, we conducted
an ablation experiment by replacing PPG inputs with logarith-
mic Mel-spectral features (LogMel+BERT). Both models share
the same BERT architecture and training parameters, ensuring
a controlled comparison. The results indicate a significant per-
formance drop when using LogMel features, underscoring the
importance of phoneme-level information. Unlike Mel-spectral
features, which emphasize low-level acoustic patterns, PPGs
capture critical disfluencies such as fillers, repeated syllables,
and pauses, which are strong indicators of cognitive impair-
ment.

This comprehensive comparison highlights that PPGs-
BERT-6 outperforms most baselines by effectively preserv-
ing speech characteristics that are often lost in ASR-based
and CNN-based models. The ablation study further confirms
that PPGs are pivotal for robust AD detection, as they re-
tain language-agnostic phoneme structures essential for cross-
lingual adaptability. These findings emphasize the superiority
of PPG-based modeling over traditional acoustic and text-based
methods, making PPGs-BERT-6 a good and scalable solution
for multilingual AD diagnosis.

4.2. Cross-Lingual Performance on PPGs-BERT

Table 4 presents the cross-lingual performance of PPGs-BERT-
6 and the Acoustic+SVM model. Overall, PPGs-BERT-6
demonstrates superior performance when the training and test-
ing datasets are the same. Moreover, under cross-lingual set-
tings, it exhibits a smaller performance drop compared to
Acoustic+SVM, indicating stronger cross-lingual capability.
For instance, when trained on the English ADReSSo dataset,
it attains 73.2% accuracy on ADReSSo, 86.5% on the Chinese
NCMMSC dataset, and 73.7% on the Spanish Ivanova dataset.
This significant performance gain over Acoustic+SVM, espe-
cially in cross-lingual settings (24.2% higher on NCMMSC and
13.2% higher on Ivanova), highlights the advantage of model-
ing phoneme-level features that are more consistent across lan-
guages compared to language-specific acoustic patterns.

The performance drop observed when PPGs-BERT-6 is
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trained on non-English datasets and tested on ADReSSo (63.0%
and 69.0%, respectively) due to cross-linguistic setting. How-
ever, PPGs-BERT-6 still outperforms Acoustic+SVM by a sub-
stantial margin, emphasizing its robustness and cross-lingual
adaptability. This resilience can be attributed to the use of
PPGs, which capture universal speech characteristics such as
pauses, hesitations, and articulation patterns that are indicative
of cognitive decline, regardless of the language spoken.

Furthermore, the 82.4% accuracy achieved when training
and testing on the NCMMSC dataset demonstrates that PPGs-
BERT-6 can effectively model languages with fewer similarities
to English, such as Chinese, while maintaining strong within-
language performance. Similarly, the 66.7% accuracy on the
Ivanova dataset highlights the model’s ability to identify AD-
related phonetic patterns in Spanish, reinforcing its effective-
ness across typologically diverse languages.

PPGs-BERT-6 excels by retaining phoneme-level speech
cues, including disfluencies, hesitations, and pauses, which are
essential AD markers. In contrast, ASR-based models normal-
ize speech, removing critical hesitation patterns and limiting
their cross-lingual performance. CNN-based models, relying
on low-level acoustic features, are sensitive to pitch and accent
variations and fail to capture high-denominational phoneme
feature necessary for AD detection. Unlike ASR and CNN
approaches, PPGs-BERT-6 models phoneme sequences in a
language-agnostic manner, ensuring greater generalization.

In summary, the generally superior performance of PPGs-
BERT-6 can be attributed to two key factors. First, its phoneme
recognizer extracts universal phonetic patterns that are less sen-
sitive to linguistic variations, enabling it to capture language-
independent speech characteristics associated with AD. Second,
our model leverages BERT’s sequential modeling to capture
high-denominational feature while preserving speech disfluen-
cies crucial for AD detection. This combination allows PPGs-
BERT-6 to bridge the gap between different languages, achiev-
ing stable performance without requiring language-specific re-
training.

5. Conclusion

PPGs-BERT demonstrates reliable recognition performance
with consistent phoneme coverage, making it well-suited for
limited AD datasets. Notably, it does not require diverse
matched data during training, thereby enhancing its adaptability
to resource-constrained settings. Unlike ASR-based approaches
that normalize speech, the model leverages phonetic posterior-
grams and preserves critical speech disfluencies such as hesi-
tations and pauses. The proposed model outperforms baseline
methods, achieving an 8.41% improvement over the ADReSSo
challenge baseline, while demonstrating superior cross-lingual
adaptability across English, Chinese, and Spanish datasets. It
offers a cross-lingual, lightweight, and effective substitute for
conventional ASR-BERT systems while maintaining speech
characteristics necessary for precise AD detection.
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