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Large-scale deep learning models have become the dominant approach in audio NLP, yet their computational demands make
deployment impractical in resource-constrained environments. This study evaluates five lightweight architectures (SVM, MLP,
BiLSTM, MobileNet, CRNN) against a transformer baseline on an audio gender classification task. Each model was trained
and fine-tuned on a 14,461-sample dataset of participants reading from a uniform phrase. Despite having significantly fewer
parameters, the MobileNet model achieved 96.9% accuracy, surpassing the transformer baseline, which achieved 95.3%. The
MobileNet model was also better when compared in noisy audio environments. Training time was also reduced by a factor of
2.5. Notably, the SVM classifier achieved 90% accuracy on the clean dataset with a latency of less than ten milliseconds. These
results challenge the idea that transformer-based or large-scale models are always the best option in audio classification problems.

Introduction

Recent years have seen explosive growth in the Al indus-
try, fueled by heavy investment from large tech companies.
A large contributing factor was the discovery of transformer
models, a class of large, computationally expensive deep
learning architectures that have driven much of the recent
progress in AI'. However, these transformers, and other com-
plex deep learning models like them, require a large quantity
of training time, data, and resources to create, giving exist-
ing large companies a decisive edge over startup companies
or independent researchers. This leads to a vital question: are
lightweight deep learning models able to achieve competitive
performance with large deep learning models such as trans-
formers? If not, what is the potential trade-off between per-
formance and training resources?

To investigate this problem, we can compare lightweight
and large-scale models specifically in the case of audio gen-
der classification. Audio gender classification is a problem
with real world applications and possesses enough complexity
to be loosely generalized to other deep-learning and natural
language processing problems involving sequential language
data and binary classification. Audio natural language pro-
cessing also has the benefit of being less explored than text
natural language processing problems. Another reason audio
gender classification was selected is because as artificial intel-
ligence is integrated into our society, more humans will inter-
act directly with computers, with speech being one of the most
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common and meaningful mediums of communication.
Throughout this paper, we use the term ’gender classifica-
tion’ to remain consistent with prior literature, though we ac-
knowledge that the acoustic features detected by these models
more precisely reflect biological sex than gender identity.

Literature Review

Audio feature extraction methods

When working with audio samples in machine learning, it is
important to think about choosing the best method to extract
the relevant information into a format that a model can eas-
ily process. This is because raw audio signals are complex
and multidimensional, comprising temporal, amplitude, and
frequency components which makes feature extraction diffi-
cult. The most common method is mel spectrograms: a 2-
dimensional representation of the amount of energy at each
time and frequency?. Many also use log power mel spectro-
grams which scale the representation in a way that better fits
human hearing.

Next, Mel-Frequency Cepstral Coefficients apply a Discrete
Cosine Transformation to the log mel filter bank energies at
each time frame, decorrelating the frequency bins and com-
pressing the representation>. This is a more compact repre-
sentation that captures the general shape of the audio waves
for less memory. Besides these two extraction methods, there
are other features such as chroma STFTs (which capture pitch
class information), zero-crossing rate (which measures how
often the signal crosses zero) and RMS energy (which cap-

© The National High School Journal of Science 2026

NHSJS Reports | 1



tures loudness over time)*. These other features are some-
times used in addition to MFCCs or spectrograms in combined
feature sets, a common technique in speech analysis.

Gender classification methods

The field of audio gender classification already has a lot of
prior research. Over the years people have developed numer-
ous different approaches to audio gender classification. Early
research found that pitch was a somewhat reliable indicator of
gender, with males speaking at an average of 120 Hz and fe-
males speaking at an average of ~210 Hz>. This approach is
unreliable as there are many cases of overlap. The earliest ma-
chine learning approaches included applying statistical mod-
els such as GMMs and SVMs to MFCCs®. These present a
simple but effective, lightweight approach. However, they are
less effective with noisy samples’. Researchers have tested
the effectiveness of several other models and approaches. For
example, Kushwah et al. (2019) implemented CART, XG-
Boost, SVM and Random Forest models with an approximate
accuracy of 89%8. A more advanced but complex approach
is applying image classification models to spectrograms. By
converting audio to a grayscale image, this approach could
reuse the extensive existing research in image classification
with models such as VGGs, ResNets, or Mobilenets. Alnu-
aim et al. (2022) explored audio gender classification us-
ing pretrained fine-tuned ResNet34 and ResNet50 architecture
specifically, achieving 97.94% and 98.57% accuracy respec-
tively®. They also tested countless other models. Notable re-
sults include a MLP classifier at 95.81% accuracy, a k-nearest
neighbor classifier at 95.10% accuracy, and a deep neural net-
work they designed which achieved 95.97%. Notably, this
study used MFCC, mel spectrograms, chroma STFT, and two
other features as inputs. Gong et al. (2021) explored a new
technique, adapting the preexisting Vision Transformer (ViT)
for audio, applying it to mel spectrograms without CNN com-
ponents 1. They achieved outstanding results on audio clas-
sification benchmarks including 95.6% accuracy on ESC-50
and 98.1% on Speech Commands V2. Transformer-based
models have been applied to audio gender classification tasks
specifically with strong results. For example, Burkhardt et al.
(2023) achieved 91.1% accuracy using a fine-tuned Wav2Vec
2.0 model!'. Studying audio gender classification in noisy
environments is also a common approach in research as it bet-
ter resembles some real-life situations. While achieving good
performance in a clean audio environment is relatively easy
and has been done multiple times, doing so in a noisy envi-
ronment is much harder.

Lightweight vs. large-scale model comparisons

From simple statistical models to audio transformers, there is
a wide spectrum of machine learning approaches to audio gen-

der classification. These methods vary in both complexity and
sophistication. With smaller models, they come with the ben-
efit of requiring less memory and time to train, as well as less
time to process an input. However, these models often perform
worse than large-scale models.

To quantify memory consumption, we will consider the
number of parameters in a model which dictates the amount
of memory needed to fully load a model. This also affects the
amount of VRAM needed if using a GPU, but that can more
easily be remedied by lowering batch size. The most impor-
tant benefit of lightweight models is lower inference latency,
or the time delay between when a model receives an input and
when it produces the corresponding output. This is important
for real-time applications with tighter time constraints like live
translation or sound detection.

There are some techniques that exist to close the gap be-
tween lightweight and large-scale models in hope of achiev-
ing the performance of large-scale models and the benefits of
lightweight models. One such technique is transfer learning
which involves using pretrained weights from existing well-
performing models when beginning to train new models, re-
ducing training cost and time '%.

Other techniques aim to compress the large models with-
out losing performance. These include pruning (removing less
relevant weights to reduce parameter count), quantization (re-
ducing the numerical precision of model weights to reduce
memory usage and speed up inference), and knowledge dis-
tillation (training a new, smaller model to mimic the behavior
of a larger model '3-13. However, this paper will only focus
on traditional model training approaches without using these
techniques.

For this paper, a lightweight model will be defined as one
with less than 100,000 parameters. While this is very small
compared to most modern standards, during initial tests, we
found that small models of this size were more than capable
of achieving decent results.

Methodology

Dataset

This study employs the Speech Accent Archive, a publicly
available dataset with 3,038 labeled audio samples collected
from speakers of diverse linguistic and geographic back-
grounds ', Of these samples, we removed the two Ameri-
can sign language samples and the singular home sign sample
because the manner of speaking was very different from the
other samples, with the home sign sample being nearly unin-
telligible.

Each recording contains the same standardized passage:

“Please call Stella. Ask her to bring these things with her
from the store: six spoons of fresh snow peas, five thick slabs
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of blue cheese, and maybe a snack for her brother Bob. We
also need a small plastic snake and a big toy frog for the kids.
She can scoop these things into three red bags, and we will go
meet her Wednesday at the train station.”

This passage was deliberately constructed to encompass
nearly all phonetic components of the English language. This
makes this dataset very suitable for training audio classifica-
tion models. Additionally, each entry in the dataset is labeled
with information including the speaker’s age, gender, birth-
place, country of origin, age of English onset, length of En-
glish learning to name a few. This allows this dataset to be
applied in a wide variety of audio natural language processing
problems.

For the purposes of this study, each audio sample was first
broken down into five-second clips which are used as the in-
puts for the models. Not only does this create shorter and
incomplete samples that are better aligned with how gender
classification would be applied in a real-life scenario with real-
time classification, this also creates a uniform sample size that
can be fed more easily into models. Additionally, the first and
last seconds of the clip are ignored to avoid clips with large
segments of white noise before or after the speaker has begun
talking. In doing so, 14,461 clips were generated from the
3,038 original audio samples.

Finally, each clip is converted into mel spectrograms to use
as inputs to our models. This is because each spectrogram is a
two-dimensional image that can be treated as a greyscale im-
age. To be more precise, we used a sample rate of 16000Hz,
a STFT window length of 400 samples, a hop length of 100
samples, a FFT size of 512 points that are reduced to 128
bins. This converts each 5000-millisecond clip into uniform,
128x800 two-dimensional arrays that can be easily used as
machine learning data (Figure 1). This also addresses the
problem varying sample lengths if we used the original sam-
ples (Figure 2). Lastly, we used log amplitude scaling and
normalized the result, meaning that the values of all inputs are
readjusted so that they only range from 0O to 1, which allows
for faster and more efficient model training.

Other features such as MFCCs were not used considering
that several of the models in our study rely on matrices as
model inputs. Incorporating other inputs would mean funda-
mentally changing the architecture of these models.

With this dataset of five-second clips, we created two more
copies of the dataset by adding a randomly selected clip from
the MUSAN dataset to each clip in the dataset at five and ten
decibels!”. The random clip added is kept consistent across
both datasets. This creates three total datasets with three dif-
ferent amounts of interference: zero decibels, five decibels,
and ten decibels. These ranges are selected to match prior
work in the closely related field of speech emotion recognition
where MUSAN noise augmentation was used extensively '8
These ranges are realistic for real-world applications and still
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Figure. 1 The mel spectrogram of a five-second clip taken from en-
glish639. It is a 128x800 matrix.
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Figure. 2 A distribution of the length of full-length samples after
being converted to spectrograms.

provide a big challenge to the models without being com-
pletely unintelligible.

5-Fold Validation

This study also employs 5-fold cross-validation'®. This in-
volves splitting the dataset into 5 folds to train the model five
times using the same dataset. In each fold, 10% of the dataset
is held out as the test set. From the remaining 90%, approx-
imately 80% of the total dataset is used for training and 10%
for validation. The exact sizes vary slightly due to rounding,
but the training set contains approximately 11,570 clips, while
the validation and test sets each contain approximately 1,446
clips.

Each fold uses a different test partition, and there is no over-
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lap between the five test sets. As a result, every sample is eval-
uated exactly once as test data across the five folds. Averaging
the results across all folds provides a more reliable estimate of
model performance than a single train-test split.

Splitting data at the clip level introduces a risk of data leak-
age, as clips originating from the same speaker could be as-
signed to different datasets. To prevent this, the dataset is first
shuffled at the speaker level. When a partition would separate
clips from the same speaker, all clips from that speaker are
assigned to a single dataset. This ensures that no speaker ap-
pears in more than one of the training, validation, or test sets
within a fold.

A 10% test split was used instead of the more common
20% split to maximize the amount of data available for train-
ing. Ten-fold cross-validation was also considered but was
not used because it would approximately double the com-
putational cost and training time compared to 5-fold cross-
validation.

Models

This section provides descriptions of each of the six clas-
sification models evaluated in this work. All models share
the same input format, a single-channel feature map of shape
(B,1,128,800), and produce a single raw logit (B,1) used
with binary cross-entropy loss. The architecture spans a spec-
trum from simple linear projections to a full transformer en-
coder, enabling ablation of inductive biases across spatial,
temporal, and attention-based axes.

| Input (B, 1, 128, 800) |

v

| AvgPool2d (B, 1, 64, 100) |

v

| Flatten (B, 6400) |

v

| BatchNorm |

v

| Dropout(0.2) |

v

| Linear (B, 1) |

Figure. 3 A graph showing the architecture of the SVM model. The
shape of each hidden layer is included to increase readability.

Support Vector Machine Classifier (SVM)

The SVM Classifier is the simplest model in the suite, in-
cluded as a baseline to establish what a purely linear approach

can achieve?”. The spectrogram is first compressed using av-
erage pooling — which takes the mean value across small re-
gions, reducing the input while preserving the overall energy
distribution of each frequency band — then flattened into a
single 6,400-dimensional vector?'. A BatchNorm layer stan-
dardizes this vector before the final linear projection to a sin-
gle logit, preventing any one frequency band with unusually
high variance from dominating the gradient during training >*.
If more complex models do not substantially outperform this
one, it suggests the classification boundary is linearly accessi-
ble in the pooled frequency-time representation and does not
require deep feature learning.

| Input (B, 1, 128, 800) |

v

| AvgPooI2d(8, 64) (B, 1, 16, 12) |

v

| Flatten (B, 192) |

v

| BatchNorm1d (B, 192) |

| Linear (B, 128) |

v

| Dropout(0.4) |

Y I

| Linear (B, 128) |

v

| Dropout(0.4) |

Hidden Layers

| Linear (B, 64) |

v

| Linear (B, 1) I

Figure. 4 A graph showing the architecture of the MLP model. The
shape of each hidden layer is included to increase readability.

Multi-Layer Perceptron (MLP)

The Multi-Layer Perceptron extends the linear baseline by
stacking three fully connected hidden layers between the
pooled representation and the output, following the univer-
sal approximation framework that established the expressive
power of such networks?3?*. Each hidden layer applies a
learned linear transformation followed by a ReLU activation
— which sets negative values to zero, introducing the non-
linearity that allows the model to learn curved decision bound-
aries rather than a straight line. Dropout is applied after each
hidden layer at p = 0.4, randomly disabling 40% of the units
during training to discourage the network from relying on any
single feature>. Like the SVM Classifier, the MLP operates
on a pooled and flattened spectrogram with no awareness of
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spatial or temporal structure, making it a useful baseline be-
tween the linear baseline and the models that follow.

| Input (B, 1, 128, 800) |

v

| MaxPool2d(4, 4) (B, 1, 32, 200) |

v

regularization risks underfitting rather than preventing overfit-
ting?>. Comparing this model against the CRNN provides a
direct ablation of the value of convolutional feature extraction
before the recurrent stage.

[ Input (B, 1, 128, 800) |

[ Conv2d(32, 3x3, 5=2) (B, 32, 64, 400) |

DSConv

| Squeeze(1) / permute (B, 200, 32) |

v

| Linear(48) (B, 200, 48) |

v

| DSConv (B, 64, 32, 200) | | DWConv2d(N,, 3x3, 5=2) |

[ DSConv (B, 128, 16, 100) | [

v

[ DSConv (B, 128, 8, 50) | [

BatchNorm / ReLu |

PW Conv2d(N, — Ng, 1x1) |

|

| DSConv (B, 128, 4, 25) | BatchNorm / ReLu |

2-Layer Bidirectional LSTM (B, 200, 72)

| LSTM FWD (hidden=36) | | LSTM BWD (hidden=36) |

| LSTM FWD (hidden=36) | | LSTM BWD (hidden=36) |

v

[ DSConv (B, 128, 2, 12) | l

Dropout2d(0.2) |

N;: input channel number
Nq: output channel number

[ AdaptiveAvgPool2d (B, 128) |

[ Flatten (B, 128) |

[ Linear (B, 1) |

2

| Conv2d (B, 64, 8x1, s=1) (B, 64, 1, 50) |

v

| Meanpool (B, 72) |

v

| Dropout(0.1) |

v

| Linear / ReLu (B, 32) |

v

| Linear (B, 1) |

Figure. 5 A graph showing the architecture of the BILSTM model.
The shape of each hidden layer is included to increase readability.

Bidirectional Long Short-Term Memory (BiLSTM).

The BiLSTM Classifier takes a different approach from the
CRNN: rather than using a CNN to extract features first, the
spectrogram is compressed with a simple parameter-free pool-
ing step and a single learned frequency projection before being
handed directly to the recurrent model. The core is a 2-layer
bidirectional LSTM — an extension of standard recurrent net-
works that reads the sequence both forwards and backwards,
so each time-step is informed by both past and future context
simultaneously %27, Rather than using only the network’s fi-
nal summary state, all 200 time-step outputs are averaged to-
gether — an aggregation strategy that has been shown to out-
perform last-state approaches for classification tasks without
a natural sequence endpoint, and one that is particularly natu-
ral here since neither the forward nor backward pass produces
a privileged “final” summary?®. A lightweight dropout rate
of p=0.1 is used throughout; at 60k parameters, aggressive

Figure. 6 A graph showing the architecture of the MobileNet model.
The shape of each hidden layer is included to increase readability.

MobileNet

MobileNetV1 is a convolutional neural network designed for
efficiency?’. Convolutional layers scan the input with small,
learned filters to detect local patterns — edges, textures, fre-
quency contours — at every position in the spectrogram.
The key innovation is the depthwise separable convolution,
which splits a standard convolution into two cheaper steps: a
depthwise convolution that detects spatial patterns within each
channel independently, followed by a pointwise 1 x 1 convolu-
tion that combines information across channels. This achieves
similar representational power at roughly 8-9x lower compu-
tational cost. The network processes the spectrogram through
a stem convolution and five such blocks, each halving the spa-
tial resolution via stride-2 convolution while expanding the
channel count, before a global average pool collapses the spa-
tial dimensions into a fixed-length vector for classification.
Dropout2d — which drops entire feature channels rather than
individual values — is applied inside every block as a regu-
larization strategy across the full feature hierarchy°. In our
implementation of the model, we reduced the model complex-
ity even more from nine million parameters to ~64k by cutting
down on layers and channels. However, depthwise separable
convolution layers are still a large part of the design, making it
an even more lightweight version of the original MobileNetV 1
model.

Convolutional Recurrent Neural Network (CRNN)

The CRNN combines two complementary ideas: a CNN to
extract local spectral features, and a GRU to model how those
features evolve over time, a hybrid approach that has shown

© The National High School Journal of Science 2026

NHSJS Reports | 5



| Input (B, 1, 128, 800) |

v

| Conv2d (B, 32, 3x3, s=1) (B, 32, 32, 200) |

| BatchNorm / ReLu |

v

| Conv2d (B, 64, 3x3, s=1) (B, 64, 8, 50) |

v

I BatchNorm / ReLu |

v

| Conv2d (B, 64, 8x1, s=1) (B, 64, 1, 50) |

v

| BatchNorm / ReLu |

v

| Squeeze(H) / permute (B, 50, 64) |

v

| GRU (input=64, hidden=64) (B, 64) |

| Linear (B, 1) |

Figure. 7 A graph showing the architecture of the CRNN model.
The shape of each hidden layer is included to increase readability.

strong results for audio classification tasks3!. The CNN pro-
cesses the spectrogram through three blocks, progressively re-
ducing the spatial dimensions until the frequency axis is fully
collapsed by a learned convolution, leaving a sequence of 50
feature vectors along the time axis. This learned frequency
collapse, using a convolution whose kernel exactly spans the
remaining height, is preferable to fixed pooling because the
network can learn which frequency combinations are most
discriminative rather than averaging or taking the maximum
blindly. The GRU, a recurrent network that maintains a run-
ning memory through learned gating mechanisms, then reads
through this sequence step by step, accumulating temporal
context before its final hidden state is passed to the classifi-
cation head*?. The motivation is that some patterns may only
be meaningful in the context of what came before, which a
purely spatial model cannot capture.

Audio Spectrogram Transformer (AST)

The AST adapts the Vision Transformer for audio classifi-
cation and is the most architecturally distinct model in the
suite 1933, Rather than convolutions or recurrence, it uses self-
attention — a mechanism that allows every part of the input to
directly compare itself with every other part in a single op-
eration, capturing long-range relationships that local or se-
quential models can only reach by propagating information
through many steps'. The spectrogram is first divided into
non-overlapping 16 x 16 patches and each is projected into a
192-dimensional vector, giving 400 tokens in total. A learn-
able CLS token is prepended and learned positional embed-

| Input (B, 1, 128, 800) |

v

| Patch embed(Conv2d, 16x16) (B, 400, 192) |

v

| Prepend [CLS] + pos embed (B, 401, 192) |

v

Transformer Block (x6)

Layer Norm |

L4
| MultiHeadAttention(head=3, embed=192) |
L4
—>| Layer Norm |
L4

MLP(ratio = 4)

residual connection

sowl} 9 Jeadey

| Linear (192 — 768) |
v

| GELU |
v

| Linear (768 — 192) |

v

| LayerNorm |

2

| Extract [CLS] token (B, 192) |

v

| Linear (192 — 1) |

Figure. 8 A graph showing the architecture of the AST model. The
shape of each hidden layer is included to increase readability.

dings are added to all tokens to inject spatial ordering, since
self-attention is inherently indifferent to the position of its
inputs. The sequence then passes through six transformer
blocks, each of which refines the representation using multi-
head attention and a small feed-forward network, with pre-
norm LayerNorm applied before each sub-layer for training
stability34. After the final block, the CLS token’s state is
used for classification, having accumulated information from
all 400 patch tokens through the attention mechanism. The
AST is substantially larger than the other five models (~2.7M
parameters), making it the most expressive but also the most
data-hungry architecture in this study.

Hyperparameters

For the sake of reproducibility, we have included the learning
rate, weight decay, batch size, and epochs for each model. All
models used the Adam optimizer and a learning rate sched-
uler®. All models have a final sigmoid activation layer and
use Binary Cross Entropy Loss function. All models are
trained for 10 epochs with a batch size of 128 samples.
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Table 1 The list of hyperparameter values used by each model to
achieve the stated output.

Model Name Learning rate  Weight decay Factor Patience
SVM le—4 le—4 0.5 2
MLP le-3 le—3 0.5 2
BiLSTM le-3 le—4 0.1 2
MobileNet le—3 le—3 0.1 2
CRNN le-3 le—2 0.1 2
AST le—4 le—4 0.1 2

Table 2 Mean test accuracy and standard deviation of test accuracy
results for each model type with no added noise. The highest per-
forming models are in bold.

Model Type Mean Test Accuracy Test Accuracy Standard Deviation
SVM 90.4551% 0.0204918

MLP 91.8145% 0.0097196

BiLSTM 95.8718% 0.013224
MobileNet 96.9755% 0.00513657

CRNN 97.0510% 0.0124657

AST 95.3207% 0.012056

Table 3 Mean test accuracy and standard deviation of test accuracy
results for each model type with 5 decibels of added noise. The high-
est performing models are bolded.

Model Type Mean Test Accuracy Test Accuracy Standard Deviation
SVM 77.7680% 0.00224572

MLP 79.4722% 0.0157028

BiLSTM 91.0598% 0.011074
MobileNet 93.4919 % 0.0161355

CRNN 94.1568 % 0.010624

AST 92.7524% 0.014565

Table 4 Mean test accuracy and standard deviation of test accuracy
results for each model type with 10 decibels of added noise. The
highest performing models are bolded.

Model Type Mean Test Accuracy  Test Accuracy Standard Deviation
SVM 73.2922% 0.0133382
MLP 75.2707% 0.00761601
BiLSTM 74.0317% 0.088100
MobileNet 91.5813% 0.0140017
CRNN 91.8443% 0.0113606
AST 89.4923% 0.015336

Table 5 Mean Training time, inference latency and parameter count
for each model.

Model Type Mean Training Time Inference latency Parameter Count
SVM 14.4743667 seconds  9.5247 milliseconds 19,201
MLP 18.5767333 seconds  15.4152 milliseconds 49,921
BiLSTM 70.207354 seconds  50.2360 milliseconds 60,401
MobileNet 59.4242333 seconds  34.9541 milliseconds 48,257
CRNN 130.715667 seconds ~ 47.3236 milliseconds 61,409
AST 152.973667 seconds  82.6870 milliseconds 2,796,289
Discussion

Despite both having far fewer parameters, both the MobileNet
and CRNN models surpass the AST approach, regardless of
noise level (Table 2-4). Both models also surpassed results
reported in Alnuaim et al. (2022) by models with more
features and much greater computational resources®. This
clearly shows that for some problems, lightweight deep learn-
ing approaches are competitive with, and can even surpass,
the larger-scale models including attention-based approaches.
This pattern has been observed elsewhere in the literature.
Anidjar et al. (2025) found that a traditional spectrogram-
based method outperformed a Wav2Vec 2.0 transformer on a
gender classification task in the Russian language, suggesting
that architectural complexity does not necessarily yield better
performance in audio classification 3.

In addition to better performance, both models also had sig-
nificantly lower inference latency. However, the CRNN model
only shows a slight improvement in training time compared to
the AST while the MobileNet model was more than 2.5 times
faster. With lower inference latency, training time, and pa-
rameter count, and performing barely lower than the CRNN
model, MobileNet is the best performing model overall (Table
5).

The SVM and MLP classifiers are also of note, as they
performed well on the clean training data, achieving a per-
formance of 90% and 91% accuracy respectively (Table 2).
However, their accuracy drops sharply when noise is intro-
duced, meaning that they are only viable in certain conditions
(Table 3-4). While the SVM classifier has a far lower latency
compared to other models, CRNN and MobileNet classifiers
are likely preferable in nearly all real-life applications unless
there are very tight inference latency constraints.

The data also has a very low standard deviation of approx-
imately 0.01 across all models and noise levels, showing our
findings to be very reliable (Table 2-4). The sole exception is
the BiLSTM model with a standard deviation of 0.08 (Table
4). Notably, the model’s performance varied greatly across
folds with a high of 81% accuracy and a low of 67% accuracy.
Since this only occurred on the dataset with the highest noise
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level, one explanation could be the BiILSTM’s lack of a convo-
lutional front-end, meaning that the model has no mechanism
for local noise filtering. This would make the model much less
robust in noisy environments.

Limitations

There were several limitations to this study. The most impor-
tant is the effect of hyperparameter tuning on model perfor-
mance. Small changes in hyperparameter values can drasti-
cally change the model’s performance. Slightly different hy-
perparameters could have improved the performance of all
models. However, the selected hyperparameters represent a
practical optimum under realistic resource constraints. Re-
gardless, the results should be treated as a lower bound on
what is achievable.

Additionally, other transformer models are often signifi-
cantly larger but infeasible for this paper due to hardware con-
straints. To address this, we implemented a larger AST clas-
sifier at 9.2 million parameters which did not perform better
than the model used in our paper (Table 6). This shows that
simply scaling the model did not improve the performance,
further demonstrating that a bigger model does not mean bet-
ter performance.

Table 6 The accuracy of the 9.2 million parameter AST model on
three different levels of noise.

Model
AST (9.2 m parameters)

Clean
95.8051%

5 decibels
88.3629%

10 decibels
74.7087%

While these results are specific to audio binary classifica-
tion NLP tasks, they are sufficient to show that there exist
problems where lightweight architecture is competitive with
transformer-based approaches, particularly in other domains
with similar characteristics.

Conclusion

Having tested five different lightweight deep learning mod-
els against a transformer baseline, all architectures performed
well despite strict parameter constraints. While conventional
wisdom favors larger architectures such as transformers, the
results from this study challenge this idea®’. Additionally,
this shows that task-specific lightweight architecture such as
CRNNs and MobileNets remain competitive alternatives to
transformer models. Even in noisy audio environments, the
transformer baseline did not surpass these two lightweight ap-
proaches, demonstrating their robustness. While thorough,
many avenues for future research remain such as incorporat-
ing comparisons with transfer learning, testing on more di-
verse datasets, or performing a similar analysis in a different

domain such as computer vision.
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