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Abstract—Target Language Extraction aims to extract speech
in a specific language from a mixture waveform that contains
multiple speakers speaking different languages. The human au-
ditory system is adept at performing this task with the knowledge
of the particular language. However, the performance of the
conventional extraction systems is limited by the lack of this prior
knowledge. Speech pre-trained models, which capture rich lin-
guistic and phonetic representations from large-scale in-the-wild
corpora, can provide this missing language knowledge to these
systems. In this work, we propose a novel end-to-end framework
to leverage language knowledge from speech pre-trained models.
This knowledge is used to guide the extraction model to better
capture the target language characteristics, thereby improving ex-
traction quality. To demonstrate the effectiveness of our proposed
approach, we construct the first publicly available multilingual
dataset for Target Language Extraction. Experimental results
show that our method achieves improvements of 1.22 dB and 1.12
dB in SI-SNR for English and German extraction, respectively,
from mixtures containing both languages.

Index Terms—Target Language Extraction,
Speech Separation, Pre-trained Speech Models

Multilingual

I. INTRODUCTION

Humans have the extraordinary ability to focus on speech
from a particular auditory source in a noisy environment
with various interfering sources. This ability is known as the
cocktail-party effect [1]. Inspired by this phenomenon, en-
abling machines to replicate this selective auditory perception
has long been a significant research challenge. Recent advances
in deep learning have led to a paradigm shift, enabling the
development of high-quality models for this task.

Target speech extraction models are a common solution
designed to mimic this selective auditory perception capability.
These models are generally conditioned on an additional
input from which they obtain the speaker characteristics. This
auxiliary input is usually a reference utterance produced by the
target speaker [2]-[5], but it can alternatively take the form of
textual cues [6]-[9], visual cues [10]-[12], or even EEG signals
[13].

The aforementioned cues are typically used in monolin-
gual settings. However, real-world environments often involve
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Fig. 1. Overview of the Target Language Extraction (TLE) task: given a
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speech mixture containing multiple languages (e.g. English and German), the
model extracts only the speech corresponding to the target language (e.g.,
English), regardless of speaker identity.

multiple languages. For example, airport announcements are
often delivered in several languages, and international partici-
pants at academic conferences frequently interact in different
languages. In such scenarios, the user may be interested in
extracting speech from a specific language. To address this
need, the Target Language Extraction (TLE) task (as shown in
Fig. 1) was introduced [14] with the aim of isolating speech
corresponding to a particular language from multilingual con-
versations. This task can serve as an essential preprocessing
step in multilingual settings, enabling downstream systems to
process each language separately.

To achieve TLE, prior works [14]-[16] primarily follow
approaches developed for Target Speaker Extraction (TSE),
adapting these models to extract languages rather than speak-
ers. Representative models include SpEx+ [17], Conv-TasNet
[18], and SepFormer [19]. However, these methods largely
ignore the inherent linguistic structure of the target language.
Studies in auditory perception suggest that humans recognize
and extract speech more effectively in familiar languages than
in unfamiliar ones [20], due to prior exposure to the language’s
phonological and syntactic patterns. Natural languages exhibit
unique phonetic and linguistic characteristics. Familiarity with
these characteristics can aid with extraction and help mitigate
potential errors during the extraction process.

Motivated by the role of linguistic knowledge in human
auditory perception, we hypothesize that injecting language
information into the extraction network can enhance the overall
quality of TLE. A key challenge is how to incorporate such lan-
guage information effectively into the extraction process. Re-
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Fig. 2. Overview of the proposed method. Pre-trained speech model
obtains embeddings for both the estimated and the target waveforms. An
additional similarity loss between them contributes to align the internal speech
representations of the base model

cent advances in self-supervised speech representation learning
provide a promising solution, as these models are trained on
large-scale unlabeled data and are capable of capturing uni-
versal, robust speech and language representations [21]-[23].
Large-scale pre-trained speech models have demonstrated a
strong capacity for language modeling, capturing not only
phonetic features but also higher-level linguistic structures.
To facilitate TLE with language information, we introduce a
novel approach that employs an auxiliary training loss. This
loss aligns the internal representations of the extraction model
with those from a pre-trained speech model. No additional
computation is incurred during inference since this auxiliary
supervision is only applied during training.

In addition, previous TLE studies [14]-[16] constructed
their mixture datasets using samples from the GlobalPhone
corpus [24], which is not publicly available. To enable a
fair comparison on an open-source benchmark, we simulate
a new bilingual dataset following the same principles using
the CommonVoice [25] dataset which is publicly available.

In summary, our contributions are three-fold:

o We propose a framework that injects language infor-
mation into the TLE pipeline by leveraging pre-trained
speech models.

o We provide the first publicly available dataset for TLE,
named Common VoiceMix

« We demonstrate that our framework enhances the extrac-
tion performance for TLE and establish it as the first
publicly available baseline for future studies

The remainder of this manuscript is organized as follows. In
section II, we present a formal definition of TLE, the design of
the combined loss function, the newly constructed dataset, and
the experimental setup. Section III presents the experimental
results and their interpretations. Section IV concludes this
work.

II. TARGET LANGUAGE EXTRACTION WITH
LANGUAGE INFORMATION

A. Target Language Extraction

Target Language Extraction is the task of isolating speech
in a specific target language from a mixture containing speech
in multiple languages by different speakers. Let x;(¢) denote
the speech waveform for language i. Then the mixture signal
m(t) containing speech from N languages is given by:

m(t) = Z x;(t)

TLE aims to recover the original target language speech
from this mixture. This can be formulated as finding an optimal
transformation f(-) such that the estimation

zi(t) = f(m(t))

is as close to the original target language speech x;(t) as
possible according to a certain distance metric.

Previous works proposed using the scale-invariant signal-to-
noise ratio (SI-SNR) [26]. We adopt this as our baseline loss.
If the target language is language ¢, the SI-SNR loss is defined

as
||ovzi (2)]]?
Lsi-snr = —10log ( —
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where S
() ()
||z (82

The SI-SNR loss ensures that the estimated output closely
matches the target output in terms of signal fidelity.

B. Proposed Method for Injecting Language Information

This vanilla TLE approach does not explicitly use any
intrinsic information of the underlying natural language, as
it only optimizes for fidelity, although leveraging such infor-
mation could benefit the extraction process. Self-supervised
speech models capture this information as they are trained on
large speech corpora to learn latent representations for speech
signals. Since we work with multiple languages, it is more
beneficial to use models trained on multilingual corpora that
include the target languages in our dataset.

To achieve this goal, we introduce a TLE model that
incorporates language knowledge as supervision to better guide
the extraction process. Our model is inspired by the Sepformer
[19], which has shown strong performance on monaural speech
processing. As shown in Fig. 2, the mixture speech containing
multiple languages is processed with a 1-D convolutional
encoder. Then the encoder output is segmented along the time
dimension into chunks of fixed length. An Intra-Transformer
module applies attention within each chunk to model local
dependencies. Subsequently, an Inter-Transformer module ap-
plies attention across corresponding time points of different
chunks to capture global dependencies. The segments are then
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recombined and decoded to obtain the target speech estimate

i(t).

We process both the target signal xz;(¢) and the estimated
signal Z;(¢) through a self-supervised pre-trained speech model
to obtain their latent representations. These representations are
rich in contextual information learned from the dependencies
in the pre-training corpus. Ideally, these two representations
should be as similar as possible. To enforce this similarity,
we define a distance function between them as an auxiliary
loss to guide the model toward extracting speech with correct
linguistic structure and thus achieving better language under-
standing. We use the L1 distance to this end. Since the SI-SNR
loss is in logarithmic scale, we also take the logarithm of the
L1 distance to match the scale and sensitivity of the losses.
Therefore, given a certain pre-trained model h(-), we have:

d

%Z [A(i(8))]5 — [W(2i(2))];

j=1

Lyrag =10 logq

where d is the dimension of the pre-trained model output. We
add this loss to the original SI-SNR loss with a coefficient
B> 0.

L=Lsi—snr+ BLrmaE

B = 0 corresponds to the baseline case of only using SI-
SNR loss. The overall architecture is illustrated in Fig. 2.
We train the model in two stages: first with 5 = 0 to learn
general extraction, and then with a positive 8 value to refine the
extraction using language information. Note that this auxiliary
supervision does not incur additional computational cost at
inference time since it is only used during training.

C. CommonVoiceMix: A New Public Corpus for TLE

To evaluate our method, we require a suitable multilingual
dataset. In the TSE literature, commonly used datasets such
as LibriMix [27] and wsj0-2mix [28] generate mixture signals
from the LibriSpeech [29] and WSJO [30] corpora, respec-
tively. We adopt the LibriMix strategy to construct our dataset.

To construct multilingual mixtures, we need a base dataset
that contains utterances in different languages and is ideally
publicly available. Additionally, it should contain a high num-
ber of speakers to ensure that the method focuses on language
rather than speaker identity. Due to these reasons, we chose
the publicly available CommonVoice dataset [25]. The appro-
priate mixtures are obtained by mixing samples from different
languages. We chose English and German for our experiments.
We discarded samples shorter than 7 seconds. The speaker IDs
are utilized to verify that there is no speaker overlap between
the train, dev, and test sets of the two languages.

With this strategy, we constructed the CommonVoiceMix
dataset that comprises 30000, 4600 and 4500 English-German
mixtures for train, dev, and test sets, respectively. We limit
the number of training samples to 30000 whereas dev and test
sets are limited by the number of samples of the lower-resource
language in the original dataset. We randomly sample 6-second
segments from the train mixtures such that the target speech

TABLE I
A SUMMARY OF THE COMMONVOICEMIX DATASET

Subset train dev test
Total length (h) 50 11.2 11.2
30000 4600 4500
# of unique English speakers 9945 3126 4000
# of unique German speakers 4203 2276 2739

# of samples

is not empty. The entire utterance is used for dev and test
sets. This corresponds to approximately 50 hours, 11.2 hours,
and 11.2 hours for train, dev, and test sets, respectively. We
also utilize the client_id values of the speakers to identify the
number of unique speakers in the dataset. A summary can be
seen in Table I.

We believe that a public TLE dataset will promote and
accelerate research in this field. By using the same dataset,
new approaches can directly compare to our work, which can
serve as a baseline. For this purpose, our code and metadata
are publicly available. ! Other researchers can use these to
construct our dataset and also create mixtures of other language
combinations available in the CommonVoice dataset.

D. Experimental Setup

[14] shows that the best baseline for TLE is a Sepformer-
based model [19]. We use a dual-path transformer-based
Sepformer model implemented in Speechbrain [31] using a
single mask to generate a single output. We use the default
parameter values defined in Speechbrain 2. However, we set
the number of dual computing blocks to 1 due to computational
constraints. This corresponds to N; = 8 and Ny = 1 in
Fig. 2. Additionally, the batch size is 2 during training in our
experiments. This model serves as the extraction pipeline in
our work.

For the self-supervised pre-trained model, there are sev-
eral options such as HuBERT [21], WavLM [22], and
wav2vec 2.0 [23]. As we deal with multiple languages, we
choose mHuBERT-147 [32], which is a HuBERT-based self-
supervised learning model trained on 147 languages, including
both English and German. mHuBERT-147 has the same size as
the base HUBERT model. We use the output of the last layer,
i.e. the 12th layer.

We use an Adam optimizer with an initial learning rate of
3-10~%. We reduce the learning rate by half if the loss has not
decreased for three consecutive epochs. We stop the training if
the loss has not decreased for 20 epochs in a row. Initially, we
start with 8 = 0. This usually converges in around 80 epochs,
which serves as the baseline. Subsequently, we reinitialize the
optimizer, set 5 = 1, and restart training. This second stage
takes around 40 epochs to converge.

Thttps://github.com/msinanyildirim/Common VoiceMix
Zhttps://github.com/speechbrain/speechbrain

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 839



TABLE I
MAIN RESULTS ON THE COMMONVOICEMIX DEV AND TEST SETS WITH
MHUBERT-147 AS THE SPEECH MODEL. T MEANS HIGHER IS BETTER.

TABLE III
RESULTS ON COMMONVOICEMIX TEST SET WITH HUBERT AS THE
PRE-TRAINED SPEECH MODEL. T MEANS HIGHER IS BETTER.

Set  Target Lang  Method SI-SNR (dB) + STOI 1 PESQ 1 Target Lang Method SI-SNR (dB) T STOI T PESQ 1
Enelish baseline 10.85 0.84 1.87 baseline 9.96 0.82 1.85
dor £ ours 12.22 087 208 English  mHuBERT-147 1118 084 205
baseline 10.85 0.87 1.92 HuBERT 11.09 0.84 1.97
German
ours 11.98 0.89 2.07 baseline 10.03 0.84 1.91
Enelish baseline 9.96 0.82 1.85 German mHuBERT-147 11.15 0.87 2.05
fest & ours 11.18 0.84 2.05 HuBERT 10.97 0.86 1.98
baseline 10.03 0.84 1.91
German
ours 11.15 0.87 2.05

III. EXPERIMENTS AND RESULTS

A. Main results

The main experiments are performed as described, with
English and German as the target language, respectively. We
evaluate the performance in terms of SI-SNR, PESQ [33]
and STOI [34], which respectively assess the fidelity, the
perceptual quality, and the short-term intelligibility of the
estimated signals. For all three metrics, a higher value means a
better quality. Table II summarizes the results for English and
German. For both languages, the second stage of multitask
learning with the mHuBERT-147 significantly improves the
results. The SI-SNR results are increased by 1.22 dB and 1.12
dB for English and German extractions, respectively. Similarly,
STOI increases by 0.2 and 0.14, while PESQ increases by 0.05
and 0.03, respectively.

These results support our hypothesis. In the second stage, the
model optimizes a combined loss that includes the additional
language-aware term. This is achieved partly by decreasing the
L ag- This occurs when the estimated signals produce latent
embeddings similar to those of the target. Because the SSL
model embeds language information, the estimated waveforms
must be similar to the target waveform in terms of linguistic
content and overall contextual consistency. Consequently, the
extraction performance improves, as reflected in the higher
SI-SNR values and higher PESQ values indicating enhanced
perceptual quality.

It is important to note that the SSL model is frozen and not
trained together with the core model. Additionally, the core
model operations do not depend on the SSL parameters, as
the SSL model only processes the output of the core model to
calculate the auxiliary loss. Therefore, the SSL model is not
necessary during inference. Thus, this performance upgrade
with the better language understanding does not affect the
inference speed in practical scenarios.

In addition, the overall second stage training does not
depend on the specific SSL model used. Different SSL models
could be used instead. We compare two models in the next
section.

TABLE IV
RESULTS ON COMMONVOICEMIX TEST SET WITH MHUBERT-147 AS THE
SPEECH MODEL FOR DIFFERENT 3 VALUES. T MEANS HIGHER IS BETTER.

English German
o SI-SNR (dB) + STOI T PESQ T | SI-SNR (dB) T STOI 1+ PESQ 1
0.1 11.04 0.84 2.01 10.89 0.86 2.01
0.2 10.97 0.84 2.01 11.15 0.86 2.04
1 11.18 0.84 2.05 11.15 0.87 2.05
5 10.83 0.84 2.00 10.83 0.87 2.03
10 10.71 0.84 2.00 10.95 0.87 2.05

B. Ablation studies

1) Using HuBERT: Instead of mHuBERT-147, we can use
the original HUBERT model, which was trained on a corpus
containing English speech only. We keep all other parameter
values the same. The results are presented in Table III. The
SI-SNR improvement over the baseline is comparable to that
achieved with the mHuBERT-147 for English. However, for
German, the performance gain with HuBERT is slightly less
than that with the mHuBERT-147. Nevertheless, there is still
a significant performance gain compared to the baseline. This
suggests that HuBERT still has fairly good representations for
German speech, which helps the extraction. An SSL model
trained on speech from both languages is still better. This can
be likened to two people: one who only speaks English and
another who speaks multiple languages, including English and
German. The person who only speaks English can still focus
on German speech to some extent, but it is not as effective as
the multilingual person.

2) Different 8 values: For our training strategy, (5 is a
hyperparameter that must be chosen carefully to achieve op-
timal performance. In our results presented in Table IV, we
observe that § = 1 gives a good performance overall. As
deviates from this value, the performance degrades. However,
this second stage training strategy still offers improvements
over the baseline.

3) Smaller model size: Since our strategy injects language
information into the extraction process, it can help boost the
extraction quality of smaller models. To test this, we try
the same procedure for a smaller version of the model with
N; = 4. This approximately halves the model size. The results
are presented in Table V. As expected, the smaller model
exhibits lower performance due to its reduced parameter count.
In this setting, our training strategy still benefits the extraction
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TABLE V
RESULTS ON COMMON VOICEMIX TEST SET USING THE MODEL WITH
HALF THE SIZE, Nt = 4 INSTEAD OF 8. T MEANS HIGHER IS BETTER.

Target Lang  Method  SI-SNR (dB) T STOI 1+ PESQ 7t
English baseline 8.17 0.79 1.68
ours 9.10 0.81 1.83
baseline 8.76 0.83 1.74
German
ours 9.66 0.85 1.89

TABLE VI
RESULTS ON COMMONVOICEMIX TEST SET USING WAVLM AS THE
PRE-TRAINED MODEL. 1 MEANS HIGHER IS BETTER.

Target Lang Method SI-SNR (dB) T+ STOI T PESQ 1
. HuBERT 11.09 0.84 1.97
English
WavLM 11.13 0.84 2.00
HuBERT 10.97 0.86 1.98
German
WavLM 11.28 0.87 2.04

performance. However, the absolute SI-SNR gain is lower than
in the larger model. This is attributed to the limited capacity
of the smaller model, which restricts its ability to process rich
representations.

4) Different pre-trained model: In our approach, different
pre-trained models can be used in place of HuBERT, and
each model may result in different extraction quality. As
an example, we use WavLM [22] as the pre-trained speech
model. A multilingual version of WavLM is not yet publicly
available. Therefore, to ensure a fair comparison, we evaluate
its performance against the monolingual HuBERT. Addition-
ally, we use WavLM-base since it has a similar number of
parameters to HUBERT. As presented in Table VI, we observe
that WavLM has a better performance than HuBERT. Our
approach is adaptable to future models that may offer even
better performance. Finally, a multilingual version of WavLM
could potentially perform better, as suggested by the trends in
Table III. However, such a model is not currently available for
evaluation.

IV. CONCLUSION

In this work, we addressed the challenge of Target Language
Extraction (TLE), which aims to isolate speech in a target
language from multilingual mixtures. We introduced a novel
training framework that injects language knowledge into the
extraction pipeline by leveraging pre-trained self-supervised
speech models. Specifically, we incorporated an auxiliary loss
based on mean absolute error between latent representations
derived from mHuBERT-147, guiding the model to better
capture language-specific characteristics. We validated our ap-
proach on CommonVoiceMix, a new publicly available dataset
we constructed for this task. Our experiments demonstrated
that the proposed method consistently improves extraction
quality, achieving notable SI-SNR and perceptual gains, while
introducing no additional inference cost. Furthermore, we
showed that pre-training on multilingual data enhances perfor-
mance, highlighting the importance of language diversity in

model design. In the future, we plan to investigate alternative
pre-trained models, such as wav2vec 2.0, and extend this
framework to causal, real-time scenarios. We believe that
our approach provides a promising direction for advancing
language-aware speech extraction systems.
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