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Abstract—Australian Aboriginal languages are of significant
cultural and linguistic value but remain severely underrepre-
sented in modern speech AI systems. While state-of-the-art speech
foundation models and automatic speech recognition excel in
high-resource settings, they often struggle to generalize to low-
resource languages, especially those lacking clean, annotated
speech data. In this work, we collect and clean a speech dataset
for Dharawal, a low-resource Australian Aboriginal language, by
carefully sourcing and processing publicly available recordings.
Using this dataset, we analyze the speech similarity between
Dharawal and 107 high-resource languages using a pre-trained
multilingual speech encoder. Our approach combines (1) mis-
classification rate analysis to assess language confusability, and
(2) fine-grained similarity measurements using cosine similarity
and Fréchet Inception Distance (FID) in the embedding space.
Experimental results reveal that Dharawal shares strong speech
similarity with languages such as Latin, Māori, Korean, Thai,
and Welsh. These findings offer practical guidance for future
transfer learning and model adaptation efforts, and underscore
the importance of data collection and embedding-based analy-
sis in supporting speech technologies for endangered language
communities.

I. INTRODUCTION

Australia is home to a rich diversity of Aboriginal languages,
many of which are critically endangered [1]. Among these,
Dharawal is one of the Indigenous languages with deep cultural
significance but limited linguistic resources [2]. Despite its
historical and cultural importance, Dharawal, like many other
Aboriginal languages, faces challenges in preservation and
technological support due to its low-resource status.

The rapid advancement of AI technologies, particularly
in speech processing, has led to significant breakthroughs
in automatic speech recognition (ASR) [3], [4], language
modeling [5], and multilingual understanding [6]. State-of-the-
art models such as Whisper [7], Wav2Vec 2.0 [8], and VoxLin-
gua107 ECAPA-TDNN [9] have demonstrated impressive ca-
pabilities in transcribing and understanding spoken language
across diverse global languages. However, these advance-
ments predominantly focus on high-resource languages, those
with abundant annotated speech data, leaving low-resource
languages, including Dharawal, largely underrepresented in
modern AI-driven solutions lowproject. Moreover, the limited

availability of Dharawal speech recordings, especially the lack
of transcriptions, further restricts the development of effective
AI models for this language.

It is therefore essential to first collect Dharawal speech
recordings for detailed analysis. While these recordings are
largely unlabelled, a key initial step is to understand how
Dharawal relates to high-resource languages within the multi-
lingual speech representation space. By examining these rela-
tionships, we can more effectively leverage knowledge transfer
and adaptation techniques. For instance, identifying languages
with similar acoustic or phonetic characteristics enables the use
of pretrained models from high-resource languages as a foun-
dation for improving recognition or synthesis in low-resource
languages. This strategy can substantially reduce dependency
on large annotated low-resource languages datasets, which are
often unavailable.

Existing studies have explored techniques such as trans-
fer learning and adapters for other relatively low-resource
languages [10]–[13] such as Georgian and Kazakh, but they
rely on the availability of the transcribed speech recordings
from publicly accessible datasets like Common Voice [14].
While there are increasing studies on Australian Aboriginal
languages [15], there is currently no study on Dharawal, nor is
there any publicly available labeled Dharawal speech dataset.
Moreover, techniques commonly used for low-resource lan-
guages often rely on transcriptions [16] and therefore cannot be
directly applied to untranscribed Dharawal speech recordings.

To bridge this gap, we first collected a Dharawal speech
dataset. Further, we analyzed the speech similarity between
Dharawal and other high resource languages, aiming to provide
the first systematic quantification of speech similarity in the
absence of transcriptions, to inform future transfer learning ef-
forts. Specifically, we process the Dharawal speech recordings
using pretrained multilingual encoders and quantify language
similarities using two metrics: (1) the misclassification rate,
which measures how frequently Dharawal is classified as other
languages, and (2) cosine similarity and Fréchet Inception
Distance (FID) scores [17], which quantify the similarity of the
speech embeddings in the shared latent speech space. While
the former provides a coarse-level estimate of confusion, the
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latter offers a fine-grained, data-driven approach to measure
affinities within the shared representational space. By quanti-
fying these similarities, we can provide a foundation to better
understand language relationships and guide the development
of effective adaptation strategies for low-resource languages
like Dharawal. The contributions of this paper are summarized
as follows:

– We collected and cleaned the first speech dataset for
the Australian Aboriginal language, Dharawal.

– We proposed the first speech embedding analysis for
Dharawal by examining its misclassification rate and
embedding similarity using a pretrained multilingual
encoder, comparing it with other high-resource lan-
guages.

– Experimental results show that Dharawal is most
similar to Latin, Māori, Korean, Thai, and Welsh.
Although the ranking order differs slightly between
misclassification rate and embedding similarity, the
top 10 most similar languages largely overlap.

II. RELATED WORK

A. Dharawal

Dharawal is an Australian Aboriginal language spoken by
people in the region surrounding modern day Sydney, New
South Wales [18]. Like most Indigenous Australian languages,
Dharawal faces challenges due to language shift and lack of
intergenerational language transmission. Although efforts to
revitalize and preserve the language are ongoing, available lin-
guistic resources remain sparse. To the best of our knowledge,
no prior work has collected the Dharawal speech recordings
or analyzed speech embedding similarities using pre-trained
speech encoders for Dharawal.

B. Language similarity identification

Language similarity detection plays a critical role in multi-
lingual speech and language processing, particularly for low-
resource languages. By identifying high-resource languages
that are acoustically or structurally similar, researchers can
leverage transfer learning [19], [20], cross-lingual adapta-
tion [10], and multilingual modeling [6], [21] more effectively.
Prior work has utilized phoneme-based comparisons [22],
levering the lingusitic similarities. However, the exploration of
speech similarity beyond purely linguistic content remains lim-
ited. With the advancement of pretrained speech encoders, such
as Wav2Vec 2.0 [8], which are trained on diverse languages
and speech recordings, and the growing availability of large
curated multilingual speech datasets like VoxLingua107 [23],
it is now increasingly feasible to perform speech similarity
identification without the need for extensive annotated data.

III. DATASET

The Dharawal speech dataset used in this study was derived
from publicly available materials on the Dharawal Words
website1, which shares language resources from the native

1https://www.dharawalwords.com.au

Dharawal speaker for educational and cultural preservation
purposes. We collected the recordings following strict ethical
guidelines, and the resulting dataset remains private and is used
solely for research. The dataset included 475 utterances.

All recordings were manually reviewed to ensure clarity and
audio quality. Specifically, each file was inspected to identify
and remove segments containing excessive noise, corruption,
or irrelevant content. Recordings with unclear speech or ex-
tended silence were excluded to maintain data integrity. This
cleaning step helps minimize unnecessary padding and ensures
that the resulting embeddings capture meaningful linguistic
features rather than background noise.

The Dharawal speech segments were generally short and pri-
marily consisted of individual words, with only a small number
of utterances containing sentence-level content. To generate
more meaningful samples for analysis, shorter recordings were
concatenated in a way that preserved contextual coherence.
This process was conducted using Audacity [24], an open-
source audio editing tool, and included trimming silences at
the beginning and end of each clip before assembling them into
longer sequences. The resulting dataset comprises utterances
approximately 10 to 15 seconds in length.

All audio files were saved in WAV format at a 16 kHz
sampling rate. No data augmentation was applied in order
to preserve the natural acoustic characteristics of the original
recordings.

IV. METHODS

A. Overview

As shown in Figure 1, given a speech utterance xi from
our Dharawal dataset D, we process the input through a
pretrained multilingual encoder f(·) to obtain speech embed-
dings zi . This enables us to perform a two-fold analysis: (i)
estimating the misclassification rate by evaluating how often
the embeddings of zi are incorrectly classified as belonging
to other high-resource languages, providing insight into the
encoder’s discrimination capability for low-resource Aborigi-
nal languages; and (ii) quantifying the embedding similarity
between Dharawal and other languages using cosine similarity
and FID scores, where cosine similarity captures the directional
alignment between embedding vectors, and FID quantifies the
overall statistical distance between their distributional proper-
ties (mean and covariance). This framework allows us to assess
both the coarse-level separability and the fine-grained relative
closeness of Dharawal embeddings within the multilingual
embedding space.

B. Misclassification Rate Analysis for Language Identification

To identify high-resource languages similar to Dharawal,
we employed a multilingual pretrained encoder that includes
a wide variety of languages for analysis. Specifically, we used
the state-of-the-art VoxLingua107-ECAPA-TDNN model [23],
as they have been pretrained on a diverse corpus encompassing
107 distinct languages, ensuring broad linguistic representation
across multiple language families. When presented with a
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Fig. 1. System Overview. The input speech utterance in Dharawal, denoted as xi, is processed by a multilingual pre-trained encoder to obtain embeddings zi.
These embeddings are then passed through a classification head to produce the final predicted language probabilities. We propose two approaches: (i) estimating
the misclassification rate (MR) based on the probability outputs, and (ii) quantifying embedding similarity and FID scores in the latent space.

Dharawal speech utterance xi, the model generates a probabil-
ity distribution over the 107 language classes ŷi. The predicted
label corresponds to the language with the highest assigned
probability. The misclassification rate is determined by mea-
suring the frequency with which Dharawal are incorrectly
assigned to any of the known language categories as:

MR =
1

N

N∑

i=1

I
(
ŷi ̸= Dharawal

)
(1)

where N is the total number of Dharawal utterances, ŷi is
the predicted label for the i-th utterance, and I(·) is the
indicator function that equals 1 if the condition is true, and
0 otherwise. A higher misclassification rate indicates greater
similarity between Dharawal and the corresponding language,
and vice versa.

C. Quantification of Embedding Similarity

To evaluate the embedding-level similarity between
Dharawal and other high-resource languages, we employ co-
sine similarity and FID scores. These metrics quantify the
difference between the speech embeddings of Dharawal and
a target language in a shared embedding space.

a) Embedding Extraction: Speech embeddings are ob-
tained using the encoder part of the pre-trained multilingual
VoxLingua107-ECAPA-TDNN model [23]. Given a speech
utterance xi, the encoder maps it into a fixed-dimensional
embedding vector:

zi = f(xi) (2)

where zi is the resulting speech embedding in a high-
dimensional latent space as shown in Figure 1.

b) Cosine Similarity.: For cosine similarity, the model
pre-stores class centroids for the pretrained 107 high-resource
languages, where µL denotes the centroid, i.e., the mean
embedding vector of the Lth target language. We extract the
centroid embedding to represent each high-resource language
in the shared latent space. For the Dharawal input utterances
xi, we compute their corresponding embeddings and calculate

the mean to obtain the centroid representation µDharawal as:

µDharawal =
1

N

N∑

i=1

zi (3)

The cosine similarity between Dharawal and a target lan-
guage L is then computed as:

CosSim(µDharawal,µL) =
µDharawal · µL

∥µDharawal∥∥µL∥
(4)

A higher cosine similarity score indicates that the embeddings
of Dharawal are statistically closer to those of the target
language, suggesting stronger linguistic or acoustic similar-
ities. Conversely, a lower cosine similarity implies greater
divergence in the representation space.

c) FID scores.: Regarding FID scores, the computation
requires estimating the distributional properties of the em-
bedding space for each language, specifically the mean and
covariance of the embeddings. Therefore, we need to collect
speech recordings for each high-resource languages to obtain
representative embedding clusters. For comparative analysis,
we select the top 10 most similar high-resource languages,
based on prior misclassifications rates, as the target languages
for FID evaluation. The final dataset for FID score analysis
includes the 10 selected high-resource languages, alongside
the Dharawal speech recordings.

Specifically, let (µDharawal,ΣDharawal) and (µL,ΣL) be
the mean vectors and covariance matrices of the embeddings
for Dharawal and the target language, respectively. The FID
score are then calculated as follows:

FID(ZD,ZL) = ||µD−µL||2+Tr
(
ΣD +ΣL − 2(ΣDΣL)

1
2

)
(5)

where || · ||2 denotes the squared Euclidean distance, and
Tr(·) represents the matrix trace operation. A lower FID score
indicates that the embeddings of Dharawal are statistically
closer to those of the target language, and vice versa.

V. EXPERIMENTAL SETUP

A. Multilinguial pre-trained encoder

The multilingual pre-trained encoder VoxLingua107-
EPACA-TDNN is built on the ECAPA-TDNN (Emphasized
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Fig. 2. Multilingual pre-trained encoder architecture for similarity characterization.

Fig. 3. Misclassification rates for the top 10 languages identified as similar
to Dharawal using VoxLingua107-EPACA-TDNN, respectively.

Channel Attention, Propagation, and Aggregation Time Delay
Neural Network) architecture [25], as shown in Figure 2. It
was trained on the VoxLingua107 dataset [23], which consists
of over 6,000 hours of speech from 107 different languages.
Specifically, it first extracts frame-level features from raw
audio inputs using a series of 1D convolutional layers, which
capture local acoustic patterns and temporal dependencies
directly from the waveform. To enhance feature representation,
Squeeze-Excitation (SE) blocks are employed, dynamically
recalibrating channel-wise responses to emphasize informative
channels. Temporal processing is managed by TDNN layers,
which apply 1D convolutions over varying contexts to
incorporate long-range dependencies. An attention mechanism
then aggregates frame-level features, weighting each frame’s
contribution based on its importance, and outputs a 256-
dimensional embedding vector that encapsulates the global
linguistic and acoustic characteristics of the speech segment,
optimized for language classification and similarity analysis.

B. Implementation details

During the inference phase, the multilingual encoder pro-
cesses input Dharawal utterances to evaluate (i) the misclas-
sification rate and (ii) embedding similarity. For the mis-
classification rate, we computed the error using the softmax
output probabilities. For cosine similarity and FID scores, we
extracted the 256-dimensional embeddings for each of the 107
pretrained languages and compared it to the embeddings of
Dharawal to quantify similarity. To ensure a fair comparison,
the number of utterances used for FID computation was kept
consistent across all languages.

All experiments were conducted using Python 3.11.12 with
PyTorch and the SpeechBrain libraries. All computations were
performed on Google Colab using CPU resources.

VI. RESULTS

A. Misclassficaition rate

The misclassifications rate for the pretrained encoder are
shown in Figure 3. It displays the top 10 languages with
the highest misclassification rates for Dharawal. It is evident
that Dharahal is most frequently misclassified as Latin, with
a misclassification rate of 14.52%, indicating a notable degree
of similarity between the two. Classical Latin has a relatively
simple and consistent vowel system and syllable structure
(often Consonant-Vowel or Consonant-Vowel-Consonant) [26],
characteristics that are also common in many Australian
Aboriginal languages. Furthermore, both may lack certain
consonant clusters or tonal variation, making them acoustically
similar at a superficial level. This is followed by Māori,
Korean, Thai, and Welsh, which also exhibit relatively high
confusion rates. The confusion with Māori is more expected.
Both languages are indigenous to the southern hemisphere
and are known for having small phoneme inventories, frequent
use of open syllables (Consonant-Vowel patterns), and clear,
rhythmic prosody [27]. These shared features can easily cause
acoustic overlap in models that rely on phonetic features
alone. These similarities suggest opportunities to leverage the
acoustic patterns of similar languages for data augmentation
or transfer learning, to further improve AI models for under-
resourced Dharawal languages.

B. Embedding similarity

To provide a more fine-grained analysis of embedding simi-
larities, we report cosine similarity and FID scores between the
encoders and the top 10 most similar high-resource languages.

For cosine similarity and FID scores of the top 10 most
similar languages, as shown in Table I and Figure 4, the same
set of languages appears with nearly identical ranking orders.
However, these fine-grained similarity measures show slight
differences in ranking when compared to the misclassification
rates. Notably, the embeddings show the highest cosine similar-
ity and FID scores for Thai, Welsh, and Korean, while Latin
and Māori which are ranked highest in the misclassification
rate are ranked least using the cosine similarity and FID
scores. This discrepancy arises because cosine similarity, FID
score and misclassification rate capture fundamentally different
aspects of language similarity and model behavior. Cosine
similarity and FID score measure the geometric closeness of
language embeddings in the learned feature space, reflecting
intrinsic representational similarity based on shared phonetic,
phonological, or acoustic patterns. Thus, languages like Thai,
Welsh, and Korean may cluster closely due to underlying
phonetic traits that the model encodes similarly. In contrast, the
misclassification rate reflects practical classification challenges
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TABLE I
COSINE SIMILARITY BETWEEN DHARABAL SPEECH EMBEDDINGS AND SPEECH EMBEDDINGS FROM OTHER 10 MOST SIMILAR HIGH-RESOURCE

LANGUAGES.

Languages Thai Welsh Korean Tibetan Estonian English Javanese Catalan Māori Latin

Cos similarity 0.9078 0.8969 0.8937 0.8845 0.8785 0.8749 0.8743 0.8562 0.8533 0.8238

Fig. 4. FID scores between Dharawal speech embeddings and the speech
embeddings of the 10 most similar languages.

and model errors when distinguishing between languages. The
high misclassification rates for Latin and Māori suggest that
the model struggles to distinguish these languages from others.
This may be due to partially overlapping acoustic features,
insufficient training data, or noise and variability within the
Māori recordings. Despite their relatively low overall cosine
similarity, the distribution or clustering of these languages may
contain subsets that overlap significantly with others, leading
to confusion during classification. These metrics complement
each other, offering a comprehensive picture of language
similarity and model performance.

C. Visualization

To further explore the embedding space, we visualize the
latent representations of the top 10 most similar languages
with respect to Dharawal. The t-SNE (t-distributed Stochastic
Neighbor Embedding) plot in Figure 5 demonstrates pat-
terns that largely align with the computed similarity metrics.
Dharawal exhibits the closest proximity to Thai (cyan) and and
Korean (light orange) in the latent space, consistent with their
high computed similarity scores.

For Javanese (pink) and Estonian (light green), the main
cluster position closely to Dharawal, but scattered outlier
points distributed across the latent space, likely reflecting
significant internal language variability, cause the centroid to
shift away from Dharawal, resulting in moderate similarity
ranking among the ten languages. Catalan (purple) is posi-
tioned far from Dharawal, therefore ranked the 8th in the
top 10 languages. Notably, small clusters of Māori (light
purple) appear on the right side of the Dharawal clusters,
in close proximity to them, which may explain the observed
high misclassification rates between these languages. However,

Fig. 5. t-SNE plot of the embeddings for Dharawal and other high-resource
languages.

sparse Māori data points and large clusters extending toward
the left side of the embedding space pull the Māori centroid
away from Dharawal, consequently reducing their computed
similarity score. These observations suggest that Māori and
Dharawal share substantial underlying similarity in the latent
representation in general.

VII. CONCLUSION

In this work, we collect and clean a dataset for the Dharawal
language, contributing a valuable resource to the growing
body of speech data for Australian Aboriginal languages. We
investigated two approaches for analyzing speech similarity us-
ing pre-trained multilingual speech encoders. Specifically, we
evaluated classification separability via misclassification rates
and quantified embedding similarity through cosine similarity
and Fréchet Inception Distance scores.

Our results consistently indicate that Dharawal exhibits
strong acoustic similarity to high-resource languages such as
Latin, Māori, Korean, Thai, and Welsh. This finding suggests
that speech models trained on these languages may serve as
effective bases for transfer learning or adaptation to support
Dharawal and potentially other low-resource Aboriginal lan-
guages—without requiring large-scale transcribed data.

This study underscores the importance of systematic sim-
ilarity analysis for informing downstream development of
speech technologies for endangered languages. Future work
could expand on these insights by exploring multiple model
architectures and larger datasets as they become available, de-
veloping lightweight adaptation techniques based on the most
acoustically similar high-resource languages, and applying this
framework to additional Indigenous Australian languages to
further support linguistic preservation and accessibility.
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