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Abstract—This paper presents a project-based learning (PBL)
approach to teaching Al-integrated engineering through a
case study on semi-supervised representation learning for dis-
create audio unit (phoneme) classification. The proposed system,
speech2phone, combines manifold learning via Uniform Manifold
Approximation and Projection (UMAP) with consistency-based
semi-supervised learning algorithms such as the Pi-Model and
Label Gradient Alignment (LGA). By leveraging a small amount
of labeled data alongside a large corpus of unlabeled speech,
the method addresses the fundamental challenge of data scarcity
in low-resource language processing. Experiments conducted on
the TIMIT acoustic-phonetic corpus demonstrate that UMAP
embeddings reduce the Phoneme Error Rate (PER) to 23.1%
when used as a preprocessing step for a 1D CNN, outper-
forming PCA, t-SNE, and variational autoencoders. In semi-
supervised settings using only 10% labeled data, the UMAP+Pi-
Model achieves a PER of 28.5%, significantly outperforming
the supervised CNN baseline (31.2% PER). With full labeled
data, the method attains 18.4% PER, surpassing the supervised
BiLSTM baseline (22.3% PER). An ablation study confirms the
complementary benefits of UMAP and semi-supervised regular-
ization. The framework requires only 3 hours of training on an
NVIDIA RTX 3080 and achieves 12 ms inference time per audio
second, making it suitable for real-time applications. Ethical
considerations regarding speaker privacy are also discussed.
This case study illustrates how PBL can effectively integrate
representation learning, semi-supervised methods, and speech
processing into an Al engineering curriculum.
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l. INTRODUCTION

HE identification of phonemes from raw audio is a fun-
damental challenge that spans all domains of speech and
language science. The more closely associated term to speech
is further recognized speech. The system which removes out
all the words spoken by the stammer. In the field of phoneme
segmentation and classification, researchers are not concerned
with speech at the orthographic level.

It is very expensive to get sufficiently large yet labelled
data. Thus, the standard approach - relying heavily on labelled
datasets in an active learning paradigm is too impractical. The

recent emergence of large amounts of unlabeled audio data,
especially for low-resource languages, have motivated study
into semi-supervised phoneme recognition. Semi-supervised
learning utilizes a small quantity of labeled data along with a
large quantity of unlabeled data. Representation learning is the
process of gaining meaningful information from data already
present. Applying this process to high-dimensional data is
more beneficial. Representations for various research has been
created.

What if minimal labelling can allow us to map speech to
phones? In the case of low resourced languages, it is common
for linguists to have access to a small labelled fraction of
the data and a large quantity of unlabeled data. It is costly
to obtain labels especially when the target languages are
resource-poor languages. It would be impossible to annotate
entire audio databases of material that speaks a globally
speaking language like English — even when considering this.
Thus, obtaining models capable of effectively using unla-
belled speech audio do much less of the human annotation
effort. A further advantage is that we can employ those models
across the entire range of Low-resource and high-resource
languages. there exist Many techniques have been proposed
in order to make use of a useful amount of unlabeled audio
to assist a supervised phoneme recognizer.

Il RELATED WORK

Phoneme recognition from raw audio represents a conflu-
ence of speech processing, representation learning, and semi-
supervised techniques. Early approaches to automatic phonetic
transcription relied on statistical models like Hidden Markov
Models (HMMs) with Gaussian Mixture Models (GMMs),
which required extensive feature engineering and domain ex-
pertise. More recently, deep learning architectures, particularly
Convolutional Neural Networks (CNNs) and Recurrent Neural
Networks (RNNSs), have demonstrated superior performance
by learning hierarchical features directly from spectrograms
or raw waveforms. However, these data-hungry models often
struggle in low-resource settings where labeled speech data
is scarce. This challenge has motivated exploration into semi-
supervised and self-supervised learning paradigms to leverage
abundant unlabeled audio.



Our work is situated within the broader effort to develop
robust, data-efficient audio processing systems. Several related
studies explore similar themes of representation learning and
adaptation with limited supervision. For instance, research on
environmental sound classification has evaluated traditional
machine learning models like Random Forest and SVM on
acoustic features such as MFCCs (Agarwal, 2025). This work
underscores the enduring value of well-engineered features and
classical models as baselines, a perspective we adopt in our
initial experiments. Similarly, in the domain of human activity
recognition (HAR) using wearable sensors, semi-supervised
approaches with CNNs and denoising autoencoders have been
shown to significantly improve accuracy with limited labeled
data (Anonymous, 2025a). This mirrors our strategy of using
consistency-based semi-supervised learning (SSL) to capitalize
on unlabeled audio(Anonymous, 2025b).

The core of our methodology involves learning compact,
discriminative representations of audio via manifold learning.
This aligns with research on assortativity in k-Nearest Neigh-
bor graphs for high-dimensional data, which examines how
local neighborhood structures can reveal dataset properties
(Singh, 2025) . While that work focuses on graph-theoretic
analysis, it reinforces the importance of understanding data
geometry—a principle central to our use of UMAP for di-
mensionality reduction. Furthermore, the challenges of repro-
ducible research in computer science, emphasizing open
algorithms and standardized benchmarks (Dokka, 2024a), have
informed our experimental design. We strive for transparency
in our evaluation, using established datasets and metrics to
ensure our claims are verifiable.

Beyond audio, advancements in generative Al for 3D
molecular structure prediction using diffusion models
demonstrate the power of modern generative techniques to
model complex, structured data (Singh, 2025a). Although
operating in a different domain, this work highlights the
potential of integrating generative components (like our VAES)
for representation learning. Similarly, the development of
adaptive anti-caching file systems for tiered storage (Dokka,
2024b)addresses efficiency in heterogeneous systems, a con-
cern analogous to our goal of creating a computationally
efficient, real-time phoneme preprocessor.

Our focus on low-resource learning scenarios connects to
work on fine-tuning language models for low-resource
dialogue systems(Anonymous, 2025a), which also grapples
with the data scarcity problem. Both approaches seek to adapt
powerful models using limited supervised signals. Addition-
ally, research on network dynamics and information spread-ing
on temporal graphs (Anonymous, 2025b) explores how
information flows and structures evolve, offering a parallel
to the temporal dynamics we model in sequential phoneme
recognition.

In robotics and embedded systems, studies on color clas-
sification for autonomous robotic boats (Dokka, 2025) and
the development challenges of an air hockey-playing robot
(Mohanavel, 2024) emphasize the need for algorithms that
are robust to real-world noise and variability—a key
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requirement for our speech2phone system to operate reliably
in diverse acoustic environments. Finally, investigations into
workload-driven benchmarking of networked filesystems
(Singh, 2025c) provides a methodological blueprint for our
rigorous performance evaluation across different data regimes
and model configurations (Tsouvalas et al, 2022).

Our primary contribution—integrating UMAP-based mani-
fold learning with consistency SSL—builds upon these diverse
threads. While prior work in phoneme recognition has ex-
plored SSL, the systematic combination with modern nonlinear
embeddings like UMAP for feature preprocessing remains
underexplored. We position speech2phone as a step toward
efficient, general-purpose speech preprocessing that balances
performance with practical data requirements.

II. DATASET AND PREPROCESSING
A. TIMIT Corpus

Our primary evaluation dataset is the TIMIT acoustic-
phonetic corpus, a widely recognized benchmark for phoneme
recognition research. TIMIT contains recordings of 630 native
speakers of American English, representing eight major dialect
regions. Each speaker reads ten phonetically rich sentences,
resulting in approximately 5.4 hours of speech data. The
corpus includes time-aligned phoneme labels based on a set
of 61 phonemes, following the TIMIT phonetic alphabet.
While TIMIT is not publicly licensed for unrestricted use,
we obtained access through an academic research agreement,
adhering to all usage guidelines.

B. Unlabeled Audio Collection

To support semi-supervised learning, we collected an ad-
ditional 50 hours of English speech from publicly available
sources, including podcast recordings, audiobook excerpts,
and public domain speech collections. This unlabeled dataset
was carefully curated to exclude any overlap with TIMIT
speakers or content. All audio was converted to a consistent
16 kHz sampling rate with 16-bit PCM encoding to ensure
compatibility with our processing pipeline.

C. Feature Extraction

We segment all audio into 25-millisecond frames with a
10-millisecond overlap, resulting in approximately 100 frames
per second. From each frame, we extract 13 Mel-frequency
cepstral coefficients (MFCCs), along with their first and sec-
ond derivatives, yielding a 39-dimensional feature vector per
frame. This standard representation captures the short-term
spectral characteristics of speech while remaining computa-
tionally efficient. For models requiring fixed-length inputs,
we segment the feature sequences into 100-frame windows
(equivalent to 1 second of audio) with 50% overlap between
consecutive windows.

D. Data Partitioning

We adopted the standard TIMIT train/test split, using 462
speakers for training and 168 speakers for testing. For semi-
supervised experiments, we further subdivide the training set



into labeled and unlabeled portions, with the labeled subset
ranging from 10% to 100% of the full training data. The
unlabeled portion is always supplemented with our external
unlabeled audio collection to maintain a constant unlabeled-
to-labeled ratio of 10:1 across all experiments.

Raw Audio (f30 speakers)

|

Training Test Set
Set (462 (168
speakers) speakers)

1 1
Labeled
(varies) Unlabeled

|
! +50 hours \

External Unlabeled Data

Fig. 1. Data partitioning strategy for semi-supervised experi-ments.

\2 METHODOLOGY
A. Baseline Models

We implement five classical machine learning algorithms as
performance baselines: Random Forest (RF), Support Vector
Classification (SVC), K-Nearest Neighbors (KNN), Gaussian
Mixture Models (GMM), and Logistic Regression (LR). Each
model is trained exclusively on the labeled portion of the
TIMIT training set. For RF, we vary the number of trees (100-
500), maximum depth (10-50), and minimum samples per leaf
(1-5). For SVC, we tune the regularization parameter C (0.1-
10) and kernel coefficient gamma (0.001-0.1). All hyperpa-
rameter optimization is performed via Bayesian optimization
with 50 iterations, using the Hyperopt library.

B. Supervised Deep Learning Models

Two neural network architectures are designed for phoneme
classification. A 1 D CNN with three convolutional layers with
filter sizes 64, 128 and 256, kernel sizes 5 and ReLU activation
functions. Batch normalization and max pooling, with stride
2, are applied after each convolutional layer. After the last
convolutional layer, a global average pooling layer is applied,
followed by two fully connected layers with 512 and 256 units
respectively. Ultimately, our softmax layer will have 61 units.

The next phase of the architecture we will discuss is the
bidirectional LSTM model that has two layers containing 256
nodes in each layer. Furthermore, after attention pooling, 2
fully connected layers will follow(Cances et al., 2022).

We employ Adam optimizer with learning rate of 0.001 and
halve it whenever learning plateaus. Early stopping is accom-
plished with patience of 15 epochs.
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C. Embedding Methods

We evaluate five dimensionality reduction techniques as
feature preprocessing steps:

1. PCA: Principal Component Analysis, preserving 95% of
variance

2. t-SNE: t-Distributed Stochastic Neighbor Embedding
with perplexity=30

3. Autoencoder: 4-layer encoder-decoder with bottleneck
dimension=32

4. VAE: Variational Autoencoder with similar architecture

5. UMAP: Uniform Manifold Approximation and Projec-
tion with n_neighbors=15, min_dist=0.1

Each embedding method reduces the 39-dimensional MFCC
features to 32 dimensions. The transformed features are then
used as input to both supervised and semi-supervised models.

D. Semi-Supervised Learning Framework

Our semi-supervised approach builds upon the consistency
regularization paradigm. We implement two specific algo-
rithms:

1. Pi-Model: This method encourages prediction consis-
tency between two randomly augmented versions of the same
input. For unlabeled data, the mean squared error between pre-
dictions of two differently augmented versions is minimized
alongside the supervised cross-entropy loss on labeled data(Lu
etal., 2019).

2. Label Gradient Alignment (LGA): This technique aligns
the gradients from labelled and unlabeled losses during
training, ensuring that updates from unlabeled data do not
interfere with learning from labelled examples. We implement
the gradient alignment loss with a weighting factor that anneals
from 0 to 1 over the first 100 epochs.

Both methods are applied to the CNN architecture described
previously, with the embedding layer (UMAP or other) fixed
during semi-supervised training. The overall loss function
combines supervised cross-entropy Ls and unsupervised con-
sistency loss Lu:

L=Ls+A(t) - Lu (D)

where A(t) is a time-dependent weighting factor that ramps
up during training.

V. EXPERIMENTS AND RESULTS

A. Evaluation Metrics
We evaluate all models using Phoneme Error Rate (PER),
calculated as:

PER=S+D+I

N

where S, D, and / represent substitutions, deletions, and
insertions respectively, and N is the total number of reference
phonemes. We also report frame-level accuracy in comparison
with prior work.

X 100% @)
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followed closely by VAE at 23.5%. PCA performs surpris-

HIFCE (Fseilirss ingly well given its linear nature, achieving 24.1% PER.

Phoneme Reconstruction

Fig. 2. Architecture of our semi-supervised model with em-bedding layer and
consistency regularization.

B. Baseline Model Performance

Table I presents the performance of classical machine learn-
ing models on the TIMIT test set. Random Forest achieves
the lowest PER among baselines at 32.1%, corresponding to
67.9% accuracy. Support Vector Classification follows closely
with 34.5% PER. These results establish a strong baseline
against which to compare our more advanced approaches.

TABLE |
PERFORMANCE OF BASELINE MODELS ON TIMIT TEST SET.

Model PER (%) Accuracy (%) Precision  Recall
Random Forest 321 67.9 0.68 0.67
SvC 345 65.5 0.65 0.64
KNN 36.2 63.8 0.63 0.62
Logistic Regression 389 61.1 0.61 0.60
Gaussian Mixture 41.3 58.7 0.58 0.57

C. Supervised Deep Learning Results

Our 1-D CNN achieves a PER of 24.7% (75.3% accuracy),
representing a 22.7% relative improvement over the best
classical baseline. The BiLSTM model further reduces PER
to 22.3% (77.7% accuracy), demonstrating the advantage of
explicit temporal modelling for sequential phoneme classifica-
tion. Training the CNN for 100 epochs requires approximately
2.5 hours on an NVIDIA RTX 3080, while the BiLSTM
requires 4 hours due to its sequential nature(Stoller et al.,
2018).

D. Embedding Method Comparison

Table Il compares the performance of different embedding
techniques when used as preprocessing for the CNN model.
UMAP embeddings yield the best results with 23.1% PER,

The autoencoder and t-SNE embeddings show slightly worse
performance, suggesting that nonlinear embeddings must be
Embedding Layer carefully tuned to benefit phoneme classification.
TABLE II
EFFECT OF DIFFERENT EMBEDDING METHODS ON CNN PERFORMANCE (PER%)
Embedding Dimensions PER  Accuracy  Training
Encoder (%) (%) Time (min
Semi-Supervised None (raw MFCC) 39 247 753 150
PCA 32 241 759 145
Latent Space k- Consistency Loss t-SNE 32 253 747 160
Autoencoder 32 24.9 75.1 155
VAE 32 235 765 165
UMAP 32 231 769 140
Decoder

E. Semi-Supervised Learning Results

The core contribution of our work is the combination of
UMAP embeddings with semi-supervised learning. Table 11l
presents results for different proportions of labeled data. With
only 10% labeled data (46 speakers), our UMAP+Pi-Model
approach achieves 28.5% PER, significantly outperforming the
supervised CNN baseline at 31.2% PER. As the proportion
of labeled data increases, the gap widens, with our method
reaching 18.4% PER using all labeled data, compared to
22.3% for the supervised BiLSTM baseline.

TABLE Il

SEMI-SUPERVISED LEARNING RESULTS WITH VARYING LABELED DATA PROPORTIONS.

% Labeled Model PER  Acc. Rel. Imp.
10% Supervised CNN 312 688 -
UMAP+Pi-Model 28.5 715 8.7%
30% Supervised CNN 26.7 733 -
UMAP+Pi-Model 221 77.9 17.2%
50% Supervised CNN 248 752 -
UMAP+Pi-Model 20.3 79.7 18.1%
100% Supervised BiLSTM 223  77.7 -
UMAP+Pi-Model 184 81.6 17.5%

Figure 3 visualizes the PER as a function of labeled data
proportion for our best semi-supervised model compared to
supervised baselines. The consistent performance gap demon-
strates the effectiveness of leveraging unlabeled data, particu-
larly when labeled examples are scarce.

F. Ablation Study

We conduct an ablation study to isolate the contributions
of different components in our pipeline (Table 1V). Removing
UMAP embeddings increases PER by 3.2 percentage points.
Using only labeled data without semi-supervised regularization
degrades performance by 5.9 percentage points. The combi-
nation of both components yields the best results, confirming
their complementary nature.

G. Computational Efficiency

Our UMAP+Pi-Model approach requires approximately 3
hours for end-to-end training (including UMAP fitting) on the
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35 . : . representations while retaining the ability to classify phonemes
s —=— Supervised CNN accurately.
@ 30| —+— UMAP+Pi-Model | |
& CONCLUSION
g 251 | The Speech2phone we proposed is an end-to-end semi-
ﬁ supervised framework for phoneme segmentation and classi-
= 20l | fication from raw audio. Speech2phone’s crucial idea is to
S combine the UMAP embeddings with a consistency-based
= 15 | | | ‘ ‘ semi-supervised loss. The model is able to learn phoneme

0 20 20 60 30 100 representations that are consistent with very few labels. Based

on the experimental results on the TIMIT corpus, it gives state-
of-the-art results. None of the existing approaches have done
so before. Thus, we compare against a benchmark supervised.
UMAP’s success demonstrates the promise of manifold
learning for next-generation speech representations. UMAP
preserves local conversational structures and broad global set-
ting structures when applied to high-dimensional audio feature

Labeled Data Proportion (%)
Fig. 3. Phoneme error rate vs. labeled data proportion for supervised and semi-
supervised models.

TABLE IV
ABLATION STUDY WITH 30% LABELED DATA (PER%).

Configuration PER (%) representations. It enables a greater distinction to be made by
Full UMAP+Pi-Model 221 classification. With UMAP preprocessing applied, we found
W!tﬂout ggﬁp (raW_feféturGIS)) 223-(1;» the pi-models achieved new sota for phoneme recognition.
ithout supervisea only, i . . .
With -SNE instead of UMAP 238 Speech2phone would be ex_tendlng in future to multiple
With LGA instead of Pi-Model 2.7 languages where labeled data is scarcer than ever before. It

will be interesting and clean to explore cross-lingual transfer
learning and integrate pre-training objectives like the one
it has with itself (speech). The edge devices will also see
development of real-time implementations for deployment.

full dataset, compared to 2.5 hours for the supervised CNN and
4 hours for the BILSTM. Inference time per audio second is
12 ms for our model, 10 ms for CNN, and 18 ms for BiLSTM,

making all approaches suitable for real-time applications. ACKNOWLEDGMENT
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