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Abstract
This study presents our attempt to apply Query by Example - Spoken Term Detection methodologies to a real-world,
low-resource scenario: building an audio-based query functionality for the Teochew dictionary WhatTCSay. This
functionality enables users to retrieve dictionary entries without prior knowledge of the writing systems in Teochew,
thereby enhancing the accessibility of the dictionary and facilitating language revitalization efforts within Teochew
communities. To address the retrieval task, we investigate two approaches: (i) an Automatic Speech Recognition
(ASR)-based approach using text-to-text matching, and (ii) a Dynamic Time Warping (DTW)-based acoustic
framework for audio-to-audio retrieval. In the first approach, we compare an automatic romanization of the spoken
query against the gold romanization from the dictionary; in the second, we directly match the user’s spoken query
against audio recordings from the dictionary pronounced by a native speaker. Retrieval performance is evaluated
using recall at rank k. Results show that text-to-text matching achieves better performance than audio-to-audio
matching; however, the two approaches were not optimized under fully comparable conditions, as the ASR-based
approach benefited from additional optimization, which was not equally available for the DTW method.

Keywords: Speech Models, Low-Resource Languages, Automatic Speech Recognition, Dynamic Time Warping,
Teochew Language, Query-by-Example, Spoken Term Detection

1. Introduction

Dictionaries represent an invaluable linguistic re-
source for any language. Yet, looking up a word
in a dictionary is far from a trivial task and actually
requires a certain level of prior knowledge: read-
ing and writing skills, but also familiarity with ortho-
graphic conventions, the ability to identify lemmas,
and, in the case of paper dictionaries, knowledge
of language-specific sorting rules. Such prerequi-
sites are often taken for granted for languages with
a well-established written tradition and institutional
support, where formal school plays a central role.
This assumption, however, does not hold for mi-
nority languages, and, as a matter of fact, for the
vast majority of the world’s languages.

Heritage languages are particularly affected in
this regard, as they are typically spoken at home,
transmitted orally across generations, and associ-
ated with a limited vocabulary and lower prestige.

In order to make dictionaries accessible to
speakers who lack the aforementioned skills, we
propose a speech-based search functionality. Our
approach builds on Query-by-Example Spoken
Term Detection and is applied to Teochew, a Sinitic
language for which the diaspora community has al-
ready developed a dedicated dictionary.

2. Background

2.1. Teochew as a Multivariational
Heritage Language

Teochew is a Sinitic language belonging to the
Southern Min branch of the Sino-Tibetan family,
spoken primarily in eastern Guangdong, China.

From the 18th to the 20th centuries, succes-
sive waves of migration have spread the Teochew
people over the world, resulting first in large dias-
pora communities across Southeast Asian coun-
tries such as Thailand, Cambodia, Singapore and
Malaysia, and then in Western countries, includ-
ing the United States, France, and Australia (Live,
1995; McFarland, 2021).

Based on several accounts, Tan (2020) esti-
mates the number of speakers to be between 5
and 7 million in Thailand, the largest Teochew com-
munity in Southeast Asia, and between 80,000
and 150,000 speakers in France. These figures
should be treated with caution as they stem from
outdated sources1 and may not reflect the current
situation, especially since population censuses do
not target spoken languages but rather ethnicity,
and having Teochew origins does not necessarily
imply Teochew language proficiency.

1Estimates for Thailand were taken from sources dat-
ing from 2001 and 2004, while the lowest estimates for
France date back to 1989. See Tan (2020) for more de-
tails on these questions.
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Teochew is indeed a heritage language (HL)
in all of those countries, which means that one
should not presume that the Teochew language is
passed down to the younger generations. A HL is
often defined as a home language (Valdés, 2000),
as opposed to a majority language (Montrul, 2010),
and “is no longer the present dominant language
where [the speaker] lives” (ElHawari, 2020). While
HLs are often studied in the context of migration, in
our case, Teochew is also a HL in China, spoken
at home, as opposed to Mandarin.

As a result of its worldwide spread and the lack
of standardization, distinct varieties have emerged
between speakers in the language’s homeland
in southern China as well as in the global dias-
pora. Those varieties are shaped by long-term lan-
guage contact and often exhibit phonetic interfer-
ence from dominant languages as well as substan-
tial lexical borrowing. While in China interference
mostly occurs with Mandarin, in the diaspora we
can observe traces of languages including Thai,
Khmer, Malay, French and English.2

2.2. Teochew as a Language with
Multiple Writing Systems

Despite being predominantly used and transmit-
ted as an oral language, Teochew is not a non-
written language. In fact, multiple writing systems
are used by Teochew speakers: sinograms and
the Latin-based transcriptions (or romanizations).

Sinograms. As a Sinitic language, Teochew can
be written using sinograms. Yet, unlike Mandarin
and Cantonese, Teochew has not benefited from a
sustained effort to maintain its written form in sino-
grams, resulting in a heavily incomplete character
set and the lack of consensus for which charac-
ters should be used for many words. Such cases
include colloquial words that are not used in Man-
darin, such as /taĂ£pOUĂ£/ ‘boy’3, or loanwords such
as /maĂ£taĘ£/ ‘the police’, which comes from Malay.

Romanization. Multiple Latin-based transcrip-
tion systems co-exist for Teochew. Historically,
the pĲeh-ūe-jī system (also called Swatow Church
Romanization) created by missionaries in the late
19th century is the first complete romanization sys-
tem developed for Teochew. It was later followed

2See McFarland (2021, 2022) for an account of stud-
ies on Southeast Asia Teochew varieties, and a thor-
ough study of Cambodian Teochew, and Tan (2020) on
the possible influence of French.

3See the 9 alternative forms for this word in https:
//en.wiktionary.org/wiki/%E4%B8%88%E5%A4
%AB#Pronunciation_3 which include Hokkien-based
and Teochew-based propositions.

by the Guangdong Peng’im4 (GD), created by the
Provincial Education Department of Guangdong in
1960 and based on hànyǔ pīnyīn used for Man-
darin. On their Discord server, the international
Teochew diaspora community encourages the use
of Gaginang Peng’im (GGN), a system based on the
GD but with a few modifications to better fit the pro-
nunciation of speakers of the Southeast Asian di-
aspora. This version notably abandons the diacriti-
cally marked vowel <ê>, making it more accessible
for typing across different keyboard layouts (see
Table 1 for a full comparison of GD and GGN). As
an example, the word jap8 ghueh4 in GGN (‘Octo-
ber’) would be zab8 ghuêh4 in GD. In both systems,
the eight tones are represented using numbers.

The transcription used in the Teochew dictio-
nary WhatTCSay is GGN, while our training set is
transcribed using GD (see 4.1). In our text-based
pipeline, we include a converter from GD to GGN on
the transcription output.

initials nuclei codas
GD GGN GD GGN GD GGN
b b a a b p
p p ai ai g k
bh bh ao ao m m
g g e eu h h
gh gh ê e ng ng
d d i i n n
t t ia ia
s s io io
z j u u
c ch ua ua
r y uai uai
l l uê ue

m m ui ui
n n o o
ng ng oi oi
h h ou ou

Table 1: Romanization mapping between Guang-
dong Peng’im (GD) and Gaginang Peng’im (GGN).
Non-matching graphemes are marked in bold.

Several other romanization systems exist,
though they remain less widely adopted. In her
dissertation on Teochew, (Tan, 2020) prefers using
cháoyǔ pīnyīn, a transcription system created in
2010 by Chen Enquan for their dictionary. Birnie-
Smith (2016) reports that Teochew Indonesians
are transcribing Teochew using a system based
on their usage of the Latin alphabet for Malay.
Such ad hoc informal adaptations are widely used
in the diaspora, as observed in Teochew online

4The word peng’im is the Teochew counterpart of
pinyin (拼音). In this article, we use peng’im for any ro-
manization.

https://en.wiktionary.org/wiki/%E4%B8%88%E5%A4%AB#Pronunciation_3
https://en.wiktionary.org/wiki/%E4%B8%88%E5%A4%AB#Pronunciation_3
https://en.wiktionary.org/wiki/%E4%B8%88%E5%A4%AB#Pronunciation_3
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Figure 1: Screenshot of the entry for gu6 chai2
gue2 (‘chive cakes’) in the French Android version
of WhatTCSay3.

communities. This is one of the reasons certain
communities are encouraging the use of either GD
or GGN, to maximize mutual intelligibility among
speakers from different regions.

2.3. WhatTCSay, a Teochew dictionary
app

WhatTeochewSay (WhatTCSay) is a dictionary
app for mobile phones originally crowdfunded in
20125 and is collaboratively developed by heritage
speakers in North America and France. The cur-
rent release of the app (WhatTCSay3) contains
more than 6,700 entries. Each entry is composed
of a word (or expression) transcribed in GGN, with
a definition (either in English or French) and a part
of speech. Optionally, some entries also have the
corresponding sinograms, and an audio recorded
by the founder. Figure 1 shows a complete entry
as an example. The recording feature (indicated
by the megaphone icon) is crucial for speakers
who cannot read peng’im, but is only available for
about 65% of the dictionary in the current version.

The next release will contain more than 10k en-
tries and take into account accents from different
regions of Guangdong as well as from different
diaspora communities. To keep up with this ex-
tension, automatically generated audio will be pro-
vided for entries lacking a native speaker record-
ing, based on the text-to-speech system devel-
oped by Magistry et al. (2024).

WTCS is a popular app among the diaspora,
with almost 20k downloads in total reported by
the developer in 2026. Despite encouragement to
learn and use either peng’im system in the online
communities, most Teochew speakers do not have
proficiency in those systems, and have difficulties
in reading the peng’im in the app for words that
do not have an audio recording associated. It is
also almost impossible for them to guess the cor-
rect spelling in the case they want to look up a
word they heard. Building an audio-based lexical

5https://www.theteochewstore.org/blog
s/latest/123903619-whattcsay-teochew-lan
guage-learning-app-now-available-for-fre
e-the-story-behind

retrieval feature is the next step in making the app
definitely accessible.

In this paper, we explore two different strate-
gies to identify dictionary entries based on au-
dio queries. The first approach adopts an Auto-
matic Speech Recognition (ASR)-based pipeline
in which audio queries are transcribed into peng’im
and subsequently matched against candidate tex-
tual entries. The second approach relies on di-
rect audio-to-audio matching using acoustic em-
beddings extracted from self-supervised speech
models within a Dynamic Time Warping (DTW)-
based framework.

Our main contributions are as follows: 1) a
comparison of ASR-based and DTW-based meth-
ods for speech lexicon retrieval; 2) an evaluation
on real-world Teochew speech data; 3) a demon-
stration of how self-supervised speech representa-
tions can support low-resource query-by-example
retrieval.

3. Query-by-Example Spoken Term
Detection

The speech and lexical retrieval task in this paper
is redefined as a Query-by-Example Spoken Term
Detection (QbE-STD) task. The only difference
is that instead of matching all audio documents
from a corpus which contain a spoken query pro-
vided by a user (Hazen et al., 2009), we match
the spoken query directly with a corpus of iso-
lated words. Existing approaches generally fol-
low two paradigms: (1) acoustic matching, where
speech features are extracted from audio signals
and aligned with query representations (Naik et al.,
2020; Le Ferrand et al., 2021; San et al., 2021),
and (2) ASR-based pipelines, where audio is first
transcribed and then matched using text-based re-
trieval methods (Parada et al., 2009; Lee et al.,
2015; Macaire et al., 2022).

3.1. Dynamic Time Warping
The acoustic approach typically adopts a two-
stage framework: extracting frame-level acoustic
features from both queries and target audio, and
computing a detection score for each query–target
pair, typically using DTW-based template match-
ing (San et al., 2021). DTW is an algorithm for
measuring the similarity between two temporal se-
quences that may vary in speed or duration, which
is widely adopted in speech recognition (Sakoe
and Chiba, 1978).

Previous studies by Le Ferrand et al. (2020) on
two endangered languages—Mboshi (Congo) and
Kunwinjku (Australia) showed that classical acous-
tic features such as Mel-Frequency Cepstral Coef-
ficients (MFCCs) and perceptual linear prediction

https://www.theteochewstore.org/blogs/latest/123903619-whattcsay-teochew-language-learning-app-now-available-for-free-the-story-behind
https://www.theteochewstore.org/blogs/latest/123903619-whattcsay-teochew-language-learning-app-now-available-for-free-the-story-behind
https://www.theteochewstore.org/blogs/latest/123903619-whattcsay-teochew-language-learning-app-now-available-for-free-the-story-behind
https://www.theteochewstore.org/blogs/latest/123903619-whattcsay-teochew-language-learning-app-now-available-for-free-the-story-behind
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(PLP) features, can outperform neural and self-
supervised representations from Wav2Vec models
trained on those languages. This is likely due to
the extremely limited amount of available training
data, which constrained the effectiveness of self-
supervised representation learning.

San et al. (2021) investigated spoken term de-
tection using data from seven Australian Aborig-
inal languages and a regional variety of Dutch.
They systematically evaluated feature extraction
approaches based on Wav2Vec 2.0 representa-
tions from both the English monolingual and multi-
lingual XLSR-53 models. They subsequently im-
plemented a DTW-based detection stage. Re-
sults showed that embeddings from the 11th Trans-
former layer of the English Wav2Vec 2.0 model
achieved the best retrieval accuracy, outperform-
ing MFCC and bottleneck features by 56–86%,
even under mismatched speaker and recording
conditions.

Their findings suggest that representations ex-
tracted from a model trained on a single language
or a set of phonologically similar languages may be
more beneficial for QbE-STD than a large multilin-
gual model such as XLSR-53 trained on a diverse
set of 53 languages. This is particularly when su-
pervised fine-tuning in the target language is not
readily feasible.

3.2. Automatic Speech Recognition
Another approach to the QbE-STD task is based
on ASR technique. ASR refers to the use of
machines to convert human speech into corre-
sponding text (Benzeghiba et al., 2007). With the
rapid advancements in deep learning and the avail-
ability of large-scale datasets (Karpagavalli and
Chandra, 2016; Ardila et al., 2020), state-of-the-art
ASR systems now deliver high-precision transcrip-
tion for resource-rich languages, including English,
Mandarin, and others (Radford et al., 2023; Seed-
ASR, 2024).

However, comparable performance in low-
resource settings has only recently become
achievable through large-scale and multilingual
models (Pratap et al., 2024). Recent advance-
ments in self-supervised multilingual speech mod-
els have led to a popular paradigm for solving
low-resource speech recognition problems. Self-
supervised learning (SSL) enables the model to
learn robust acoustic representations from unla-
beled data during pretraining (Conneau et al.,
2021). Several studies have demonstrated that
multilingual ASR architectures, such as Wav2Vec
2.0 XLS-R (Babu et al., 2022) and Whisper (Rad-
ford et al., 2023), can be effectively fine-tuned on
small language-specific datasets to achieve com-
petitive recognition accuracy. In this paper, We
experiment with the multilingual Wav2Vec2 XLS-R-

300M model (Babu et al., 2022), considering both
the pre-trained base model and its fine-tuned coun-
terpart trained on our target language Teochew.

Macaire et al. (2022) propose an ASR-driven
QbE framework in which speech segments are
first transcribed, and subsequently matched with
corpus transcriptions using Smith-Waterman algo-
rithm (Lecouteux et al., 2012). Their findings indi-
cate that for french-related creole languages such
as Gwadloupéyen and Morisien, a French monolin-
gual model fine-tuned with extremely limited anno-
tated data (as little as 10 minutes) can achieve us-
able performance, highlighting the potential of self-
supervised ASR for low-resource linguistic docu-
mentation.

Motivated by recent progress in ASR and
speech representation learning, this work investi-
gates two complementary strategies for identify-
ing dictionary entries from audio queries. The
first approach adopts an ASR-based pipeline in
which spoken queries are transcribed into peng’im
and matched against candidate textual entries.
The second approach performs direct audio-to-
audio matching using acoustic embeddings within
a DTW-based framework.

4. Methodology

4.1. Datasets
In this study, we use three different datasets.

Train. For model training, we employ the
Teochew Wild corpus6 (Pan et al., 2025), the
first publicly released Teochew speech dataset
with sinograms and Guangdong Peng’im (GD), a
romanization system presented in Section 2.2.
The corpus consists of 18.9 hours of speech
collected from online media, including recordings
from 20 Teochew speakers from China (11 male
and 9 female), with a total of approximately 12,500
sentence-level utterances.

Test. Our test data set for assessing the retrieval
results is a set of recordings made by the founder
of WhatTCSay (WTCS), a speaker from the dias-
pora community. The dictionary consists of 4,603
mp3 files, totaling 1.28 hours of speech and 9,423
syllables (Lim et al., 2024). As expected for record-
ings for a dictionary, most of this data consist of
single words pronounced in isolation (see Section
2.3 for more information on the dictionary).

Evaluation. To evaluate the retrieval perfor-
mance of our system, we constructed an evalua-

6https://huggingface.co/datasets/panl
r/teochew_wild

https://huggingface.co/datasets/panlr/teochew_wild
https://huggingface.co/datasets/panlr/teochew_wild


143

tion set consisting of 172 audio stimuli correspond-
ing to 31 different words present in the dictionary.

We originally presented a list of 40 words (defini-
tions in French or in English, transcription in GGN)
to Teochew heritage speakers. Words were se-
lected to cover the Teochew’s full phonemic inven-
tory at least three times. Speakers were asked to
pronounce as many words as possible, depend-
ing on their knowledge. We then filtered out noisy
samples and samples for which the words were
pronounced by less than four speakers, so that
we can have comparable data, while ensuring that
the resulting 31 words still covered the Teochew
phonemic inventory.

These recordings were collected by six Teochew
speakers using their own mobile phones, including
five from the diaspora and one from China (for a to-
tal of three male and three female). The 172 result-
ing stimuli are distributed as follows: 35 monosyl-
labic stimuli, 101 disyllabic stimuli and 36 stimuli
with three or more syllables. None of them were
included in the training data. This reflects realis-
tic usage conditions, and forms an out-of-domain
evaluation set.

4.2. Experimental Pipeline

4.2.1. Fine-Tuning

Fine-tuning a pre-trained model is a common ap-
proach for low-resource settings. Rather than
training a model from scratch, fine-tuning adapts
the parameters of a large pre-trained model to the
target task using a relatively small amount of la-
beled data. This approach is particularly effective
when the source and target domains are related,
allowing the model to transfer previously learned
representations while specializing for the new lin-
guistic and acoustic characteristics (Baevski and
Mohamed, 2020).

For the current work, we choose to fine-tune
Wav2Vec2-XLS-R-300M for both ASR transcrip-
tion and feature extraction. As a multilingual exten-
sion of the original Wav2Vec2 framework, XLS-R
scales pre-training to 436K hours of speech across
128 languages, enabling the model to learn robust
cross-lingual representations and improve gener-
alization in multilingual and low-resource settings
(Babu et al., 2022).

All Teochew recordings were loaded and uni-
formly resampled to 16 kHz to ensure consistent in-
put features. The corresponding transcripts were
pre-processed by removing punctuation marks
that did not contribute to phonetic realization and
could not be represented acoustically. We further
normalized the text to retain only linguistic sym-
bols relevant to the Teochew peng’im romaniza-
tion scheme. The hyperparameters are given in
Table 2 and the results are shown in Table 3.

Parameter Value
pretrained_model Wav2Vec2-XLS-R-300M
attention_dropout 0.1
hidden_dropout 0.1
feat_proj_dropout 0.1
mask_time_prob 0.05
layerdrop 0.1
ctc_loss_reduction mean
train_batch_size 16
num_train_epochs 50
fp16 True
learning_rate 3e-4

Table 2: Values of the hyperparameters used to
fine-tune the Wav2Vec2-XLS-R-300M model on
Teochew.

ASR Backbone Val WER Test WER
Wav2Vec2-XLS-R-300M (fine-tuned) 13.51 12.52

Table 3: ASR performance of the fine-tuned
Wav2Vec2-XLS-R-300M model on peng’im tran-
scriptions (WER, %).

4.2.2. ASR-Based Method

We employed the fine-tuned XLS-R model trained
on Guangdong Peng’im (GD) to transcribe our test
set, which consists of 172 stimuli produced by six
speakers. It has 35 monosyllabic words, 101 disyl-
labic words, 36 words of three or more syllables.

To enable comparison with the WhatTCSay dic-
tionary, we used the Gaginang Peng’im (GGN) sys-
tem for consistency. Model outputs in GD were
further converted to GGN using a rule-based con-
verter that supports conversion between different
Teochew romanization systems7. The workflow of
this method is illustrated in Figure 2.

We then used the Levenshtein distance (Leven-
shtein, 1966) to measure the difference between
two peng’im sequences. Initial weights were set
to their default values, with substitution, insertion,
and deletion costs equal to 1.

To better reflect Teochew writing system, we
incorporated digraphs adapted to GGN that corre-
spond to single phonemes (e.g., the consonant
clusters <bh>, <gh>, <ng>, <ch>, which respec-
tively correspond to the phonemes /b/, /g/, /ŋ/ and
/S/, and the vowel unit <eu>, which is not a diph-
thong but corresponds to /W/).

We further analyzed the ASR outputs generated
for the 4,603 audio recordings in the dictionary by
comparing them with their reference peng’im tran-
scriptions following the syllabic structure (onset,
nucleus, coda). The edit-distance weights were
then adjusted to account for frequent phonetic con-
fusions that share articulatory features. We placed

7https://github.com/learn-teochew/par
setc

https://github.com/learn-teochew/parsetc
https://github.com/learn-teochew/parsetc
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Figure 2: Workflow for the ASR-based methodol-
ogy

a stronger emphasis on vowel variation, as vowels
are known to be highly unstable across pronunci-
ations (Dolgopolsky, 1964). To mitigate the risk of
overfitting, six-fold cross-validation was conducted.
Based on the resulting performance, the vowel
substitution cost was reduced to 0.7. The four
most frequent vowel confusion observed in the
transcription output (i↔e, a↔o, eu↔o, eu↔a)8

were assigned further lower weights (0.25). These
adjustments also reflect speaker perception, as
those contrasts are often considered equivalent by
speakers in different dialectal contexts. For exam-
ple, the word new is pronounced /siŋ/ by some
speakers and /sEŋ/ by others.

4.2.3. DTW-Based Method

This method (Figure 3) aims to retrieve dictionary
audio entries by direct spoken audio matching with-
out relying on textual representations as an inter-
mediate step. We compare the original Wav2Vec2-
XLS-R model and the fine-tuned version for feature
extraction.

In our setup, no temporal pooling was applied
(pooling = None) in order to preserve the full
sequential structure of the speech representations.
This allows DTW to perform frame-level alignment
on fine-grained acoustic sequences. Dictionary
candidates were subsequently ranked according

8Where <e> is /E/, <o> is /O/ and <eu> is /W/.

Figure 3: Workflow for the DTW-based methodol-
ogy

to their DTW distance, where lower scores indicate
higher similarity.

4.3. Evaluation Metrics
For evaluation, we compute Recall at rank k (R@1,
R@5, R@10), which measures the proportion of
queries for which the correct dictionary entry is
present among the top-k retrieved results (Bruno
et al., 2002). This metric closely reflects real-world
dictionary search scenarios, where the correct en-
try is expected to appear among the top-ranked
results.

5. Results

5.1. ASR Performance
We used the fine-tuned model to transcribe the 172
stimuli and performed top ten retrieval under dif-
ferent query settings. In 74% of cases, the tar-
get entry does appear among the top ten results
(see Table 4). However, a preliminary analysis re-
vealed that the eight-tone system seems to intro-
duce notable ASR errors. Consequently, we per-
formed a tone-level evaluation by comparing the
ASR outputs with the reference peng’im transcrip-
tions. Across 9,343 aligned syllables, the system
exhibited a tone error rate of 51.42%. This can be
partly attributed to tonal variation across accents,
as well as inconsistencies between the training cor-
pus and the dictionary. Indeed, tone sandhi oc-
curs in Teochew and the training corpus is anno-
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tated with lexical tones (e.g., jap8 ghueh4), while
the dictionary shows tones after sandhi rules were
applied (e.g., jap4 ghueh4). Such tonal discrep-
ancies introduce additional noise when computing
Levenshtein distance. To mitigate this effect, we
removed tone information from the queries and fur-
ther evaluated a weighted Levenshtein condition.
The results for three different query settings are
presented in Table 4, where we can see that we
do indeed manage to meaningfully improve recall,
reaching 82% at recall@10.

ASR Query Setting R@1 R@5 R@10
Query with tones 0.50 0.67 0.74
Query removing tones 0.55 0.67 0.76
Query removing tones +
weighted Levenshtein

0.57 0.77 0.82

Table 4: ASR query retrieval performance under
different query normalization settings.

5.2. DTW Performance
We leveraged speech representations extracted
from both the pre-trained XLS-R model and its fine-
tuned counterpart trained on Teochew data. And
we applied a dynamic time warping (DTW)–based
retrieval approach. Evaluation was conducted on
an unseen, out-of-domain teochew test set com-
prising six speakers not included in the training
data. Figure 4 reports the retrieval performance for
both models using features extracted from all 24
transformer layers of each model. The fine-tuned
model achieves nearly 50% relative improvement
compared to the pre-trained baseline.

The base model achieves its best recall scores
at intermediate layers, particularly around layer
13. In contrast, the fine-tuned model shows an
improvement toward deeper layers, with the final
layer yielding the highest recall scores, indicating
that task-specific fine-tuning reshapes the repre-
sentational hierarchy (see Table 5). Interestingly,
we also observe that intermediate layers of the fine-
tuned model (layers 12–17) perform comparably
well in retrieving the correct entry within the top-10
results. Overall, model differences become most
pronounced in the final layers where the effects of
the learning objective are strong.

Method R@1 R@5 R@10
XLS-R-300M (layer 13) 0.20 0.33 0.36
XLS-R-300M-ft (layer 24) 0.42 0.59 0.63

Table 5: Comparison between the two speech
models from layer 1-24.

When comparing the two methods, the retrieval
results show a consistent performance advantage

Figure 4: Retrieval results from both models’ trans-
former layer 1-24 using DTW; the crosses indicate
highest score achieved on dataset.

Method R@1 R@5 R@10
ASR-based retrieval 0.57 0.77 0.82
DTW-based retrieval 0.42 0.59 0.63

Table 6: Comparison between ASR-based and
DTW-based retrieval on the six-speaker evaluation
set.

for the ASR-based method. It yields relative im-
provements of 35.7%, 30.5%, and 30.2% for R@1,
R@5, and R@10 respectively.

Method 1-syll 2-syll 3+-syll
ASR-based retrieval 0.50 0.75 0.86
DTW-based retrieval 0.35 0.58 0.68

Table 7: Average recall (mean of R@1, R@5
and R@10) across syllable-length groups for both
methods.

Table 7 illustrates how syllable length affects
performance in the DTW-based method. The re-
sults show that across all syllable categories, the
ASR-based method consistently outperforms the
DTW-based method, and both show higher recall
as word length increases. Overall, this advan-
tage aligns with our expectations: even when ASR
transcription introduces substitutions or deletions,
Levenshtein distance can still recover the correct
entry by matching partially shared segments. In
contrast, DTW is more sensitive to local acous-
tic distortions and temporal misalignments (Per-
manasari et al., 2019).

6. Discussion

The ASR-based pipeline produces textual tran-
scriptions that enable Levenshtein-based retrieval,
even under partial overlap. This makes the ap-
proach more robust to accent variation, and pro-
vides more effective retrieval cues than purely
acoustic similarity. This is particularly important
for Teochew, a multivariational language charac-
terized by pronunciation variation across speak-
ers. However, the ASR-based pipeline requires
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converting transcription outputs from one peng’im
system to another before applying Levenshtein dis-
tance, and removing tones, which introduces ad-
ditional process. In contrast, the DTW-based ap-
proach operates directly on speech representa-
tions, which has the advantage of bypassing or-
thographic or writing conventions. However, this
method can be highly sensitive to factors such
as background noise, volume variation, and pro-
nunciation differences (Permanasari et al., 2019).
We further assess the impact of acoustic artifacts
on retrieval performance, we selected a subset
of stimuli that contained noticeable silence, back-
ground noise, or both. The results shows that 8
out of 10 queries showed rank improvement when
silence or noise is removed, which indicates that
preprocessing has a positive effect.

Real-Time Retrieval. When deploying the sys-
tem in real-life applications, apart from the eval-
uation metrics on recall scores, other factors like
real-time retrieval and user experience also play
an important role. During a workshop organized
with the local Teochew community in Paris to test
our system, we observed that users were generally
satisfied as long as the spoken word appeared in
the results page.

In addition, mismatches sometimes arose when
speakers pronounced multi-word expressions as
a single unit. For instance, jiahbeung (‘to eat
(rice)’), does exists in this version of the dictio-
nary, but as separate entries: jiah (‘to eat’) and
beung (‘rice’). In such cases, prompting users to
pronounce words separately after an unsuccessful
search could improve usability.

Another possible strategy to reduce frustration
is to offer two options after each query: repeating
the same word or pronouncing a different one. Re-
peated attempts could potentially be leveraged to
refine the retrieval process by incorporating multi-
ple trials of the same spoken query.

Layer-Wise Analysis of SSL Representations.
Our findings further suggest that the DTW-based
retrieval method relying on speech representa-
tions is not as fully unsupervised as initially as-
sumed. Using representations extracted from the
fine-tuned model trained on Teochew consistently
outperform those from the base model. This sug-
gests that the ASR fine-tuning objective may con-
tribute positively to the audio lexicon retrieval task,
particularly when the fine-tuning language aligns
with the target language.

Our DTW-based method shows that layers con-
tain useful abstractions and generalizations of
acoustic information. Performance varies across
layers, indicating that the choice of representation
level has an impact on retrieval quality.

For both the pre-trained XLS-R model and its
fine-tuned counterpart, intermediate layers per-
form well in retrieving the correct entry within
the top-10 results (see Figure 4). This is con-
sistent with previous layer-wise analyses of self-
supervised speech models, which suggest that
middle layers often encode strong phonetic infor-
mation Pasad et al. (2021) and may serve as com-
petitive representations for speech-related tasks,
and that the last layer might not always be the opti-
mal choice (Bartelds et al., 2022; Cho et al., 2023).
For example, Hao et al. (2024) report that the
optimal layer for acoustic-to-articulatory inversion
(AAI) task is typically located around two-thirds of
the model depth.

However, the optimal layer to use for down-
stream evaluation may vary depending on factors
such as optimization, data, and downstream task
(Bordes et al., 2023). Further investigation is re-
quired to better understand these layer effects, par-
ticularly in low-resource settings.

We also observed that retrieval performance dif-
fers dramatically between models in the final lay-
ers. This behavior may be linked to ASR fine-
tuning, during which the final layers become tai-
lored to the ASR learning objective that learn to
differentiate between different phonemes. Such
task-oriented representations may positively trans-
fer to the query-by-example retrieval setting, where
distinguishing fine-grained phonetic differences is
essential.

7. Conclusion and Perspectives

This study addresses the Teochew language, an
under-resourced Sinitic language within the NLP
community. We explore different strategies to iden-
tify dictionary entries based on audio queries.

The first approach uses an ASR-based pipeline
to transcribe audio queries into peng’im for lexical
matching, while the second performs direct audio-
to-audio matching using DTW over self-supervised
speech embeddings. Overall, the ASR-based
method achieves superior performance.

Despite requiring additional linguistic normal-
ization, the ASR-based method offers higher in-
terpretability and enables integration with down-
stream text-based applications. In future work,
it would be interesting to incorporate a language
model during ASR fine-tuning to further constrain
and refine the transcription outputs.

Based on ASR error patterns, we further
adapted the Levenshtein distance to better ac-
count for vowel variability, which also reflects pho-
netic variation observed across dialectal pronun-
ciations. As a result, this pipeline becomes less
out-of-domain and more guided by supervised lin-
guistic knowledge compared to the DTW-based
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approach. These observations also raise ques-
tions regarding how to incorporate similar vowel-
weighting strategies into DTW-based matching.

The DTW-based method, however, has the ad-
vantage of bypassing orthographic inconsisten-
cies and spelling variation, which are common
challenges for under-resourced languages lacking
standardized writing systems. By operating di-
rectly on speech representations, our results show
that embeddings extracted from the fine-tuned
XLS-R model significantly outperform those from
the pre-trained base multilingual model, which sug-
gests that ASR fine-tuning may facilitate positive
transfer to query-by-example retrieval tasks.

These findings also suggest that DTW-based
retrieval is not as fully unsupervised as initially
assumed, as performance remains strongly influ-
enced by supervised ASR fine-tuning. A layer-
wise analysis further reveals that the pre-trained
model reaches peak retrieval performance around
layer 13, whereas the fine-tuned model achieves
peak performance at deeper layers (around layers
15–17 and the final layer). These observations mo-
tivate future work exploring detailed error analysis
and visualization of phonetic features encoded in
these layers, as well as strategies such as truncat-
ing or reinitializing higher transformer layers prior
to fine-tuning.

8. Limitations

This work does not explicitly investigate how tonal
information is represented or modeled. Future re-
search should examine how ASR systems capture
tonal features in Sinitic languages, such as contour
tones and tone sandhi. This can provide insights
into ‘unretrievable’ queries.
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