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Abstract
Recent advancements in multilingual automatic speech

recognition (ASR) have been driven by large-scale end-to-end
models like Whisper. However, challenges such as language
interference and expanding to unseen languages (language ex-
pansion) without degrading performance persist. This paper ad-
dresses these with three contributions: 1) Entire Soft Prompt
Tuning (Entire SPT), which applies soft prompts to both the
encoder and decoder, enhancing feature extraction and decod-
ing; 2) Language-Aware Prompt Tuning (LAPT), which lever-
ages cross-lingual similarities to encode shared and language-
specific features using lightweight prompt matrices; 3) SPT-
Whisper, a toolkit that integrates SPT into Whisper and en-
ables efficient continual learning. Experiments across three lan-
guages from FLEURS demonstrate that Entire SPT and LAPT
outperform Decoder SPT by 5.0% and 16.0% in language ex-
pansion tasks, respectively, providing an efficient solution for
dynamic, multilingual ASR models with minimal computa-
tional overhead.
Index Terms: multilingual speech recognition, language ex-
pansion, Whisper, soft prompt tuning

1. Introduction
Recent years have witnessed significant advancements in Auto-
matic Speech Recognition (ASR) models, especially for high-
resource languages, achieving remarkable performance [1–4].
As a crucial element of speech interaction in multilingual AI
assistants, multilingual speech recognition has attracted consid-
erable research interest, fueling efforts to broaden its applica-
tions [5–7].

The development of large-scale multilingual ASR mod-
els, such as Whisper [8], Google USM [9], and MMS [10],
has revolutionized the field. These foundational models en-
able the creation of customized multilingual speech recognition
models tailored to specific languages, unlocking new possibil-
ities for cross-lingual communication and application develop-
ment [11–13]. However, two significant challenges still persist
in multilingual ASR: (1) language interference, arising from
confusion in all-in-one architectures, and (2) the difficulty of
expanding to unseen languages, especially low-resource ones,
without degrading the performance of existing ones.

To address language interference, prior works have ex-
plored various strategies, such as leveraging language ID infor-
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mation or designing language-specific modules [14–16], includ-
ing dedicated encoders for each language. Other approaches
employ pruning strategies to create submodels for individual
languages [17, 18] or propose novel sampling methods to mit-
igate data imbalance. While these methods alleviate language
interference to some extent, they often introduce complexities
in design and fail to accommodate seamless language expan-
sion.

The integration of new low-resource languages into mul-
tilingual ASR models has emerged as a critical research area.
Traditional approaches, such as Full Fine-Tuning (FFT), update
all parameters of a pre-trained model to adapt to a new task
or dataset. While effective, FFT is computationally expensive
and prone to catastrophic forgetting (CF) of previously learned
languages [19, 20]. To mitigate CF, Continual Learning (CL)
methods have been proposed, including prototype-based [21],
regularization-based [22], replay-based [23], and optimization-
based [24]approaches. In response, Parameter-Efficient Fine-
Tuning (PEFT) methods such as Low-Rank Adaptation (LoRA)
[25–27] and Soft Prompt Tuning (SPT) [28–30] focus on ad-
justing only a subset of model parameters or adding new ones,
keeping most of the original parameters fixed. This approach is
more computationally efficient than full fine-tuning, enabling
language adaptation without compromising performance on
previously learned languages.

Existing approaches like LoRA-Whisper [26] enhance mul-
tilingual ASR by attaching language-specific low-rank matri-
ces, leveraging cross-lingual similarities to improve new lan-
guage adaptation. Similarly, Soft Language Code Tuning
(SLCT) and Soft Prompt Tuning for the Whisper decoder (De-
coder SPT) were proposed as methods to add unseen languages
to multilingual ASR models [29]. SLCT trains only language-
specific embeddings, while Decoder SPT uses soft prompts to
guide language recognition. However, these methods do not
explicitly use modules to store language-specific information,
leading to difficulties in achieving effective language discrimi-
nation or providing language bias, especially when parameters
are shared in a single trainable model.

To overcome these limitations, we extend Decoder SPT
to the entire model for Whisper (Entire SPT) and propose
Language-Aware Prompt Tuning (LAPT), a novel approach that
leverages Soft Prompt Tuning and cross-lingual similarities for
seamless language expansion. By capitalizing on the linguis-
tic relationships between new and base languages, LAPT stores
shared information within the Whisper model while captur-
ing language-specific details in dedicated soft prompt matrices.
When incorporating a new language, a unique soft prompt ma-
trix is assigned, ensuring minimal impact on the performance
of existing languages. Specifically, we introduce two variants
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Figure 1: Architecture of LAPT in language expansion. Left: Shared language prompt tuning, Right: Separate language prompt tuning.

of LAPT: shared language prompt tuning and separate language
prompt tuning, enabling flexible and efficient language adapta-
tion.

In addition to the methodological contributions, we develop
SPT-Whisper1, an open-source toolkit that integrates P-Tuning
v2 [31], ResMLP [32], LoPT [33], and advanced SPT tech-
niques into Whisper. SPT-Whisper supports continual learn-
ing for multilingual ASR, allowing users to customize models
for new languages with minimal computational overhead. Al-
though Whisper serves as the exemplar in this work, the foun-
dational model is not limited to Whisper and can be extended to
other open-source speech recognition models.

2. Methods
2.1. Multilingual ASR and Entire SPT

Applying SPT in multilingual ASR expands language support
while mitigating catastrophic forgetting (CF). For seen lan-
guages, soft prompts are not needed, as the model’s param-
eters remain fixed during SPT, allowing standard decoding
without degrading performance. For new languages, a unique
soft prompt matrix is appended to the Whisper model’s input.
The original model retains shared language knowledge, while
language-specific nuances are encoded within the correspond-
ing embeddings and soft prompts.

Applying SPT to Whisper involves designing separate soft
prompt sequences for both the encoder and the decoder. Given a
sequence of acoustic features X ∈ Rl×e and a decoder embed-
ding matrix E ∈ R|v|×e, we determine the optimal soft prompts
P ∈ Rn×e for the encoder input and P ′ ∈ Rn×e for the de-
coder input. Here, l is the input speech length, |v| is the vocab-
ulary size, n is the length of the soft prompt sequence, and e is
the embedding dimension.

1https://github.com/paper-submit-code/SPT-Whisper

We experimented with different implementations of SPT by
applying soft prompts to various components of the Whisper
model: specifically, we tested adding soft prompts to only the
encoder, only the decoder, or both. For encoder adaptation, the
matrix [P,X] ∈ R(n+l)×e is constructed by concatenating the
soft prompt matrix P with the input features X . This allows
the encoder to attend to both the original acoustic features and
the learned prompt information. For decoder adaptation, the
soft prompts P ′ are inserted into the decoder input at the posi-
tion of the ⟨Prev⟩ special token. The decoder’s input sequence
includes special tokens such as the start-of-sequence, language
ID, and task tokens. The resulting modified input is represented
as [P ′, embed(g)] ∈ R(n+4)×e, where g denotes the sequence
of special tokens. These inserted soft prompts provide addi-
tional contextual guidance for the decoding process.

2.2. Language-Aware Prompt Tuning

A common approach to incorporating language information in
multilingual speech recognition models is to represent it as a
one-hot vector or embedding, which is then concatenated with
the acoustic features to form the input. However, in our pro-
posed approach, we aim to leverage the pre-existing language
information in a more efficient and adaptable manner. Conse-
quently, we introduce two effective methods for language ex-
pansion, namely Shared Language Prompt Tuning and Separate
Language Prompt Tuning as depicted in Fig 1. These methods
involve two steps.

Step 1: Find the most similar language To integrate a new
language into an existing model, the first step is to find the lan-
guage most similar to the new one from a predefined set of base
languages. We begin by randomly selecting M audio segments
from the new language’s dataset. These segments are then pro-
cessed using the Whisper model to perform language identifica-
tion, generating a probability distribution across all languages.
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Figure 2: Overview of the SPT-Whisper architecture proposed for parameter-efficient continual learning.

The relevant probabilities are extracted and normalized, yield-
ing the vector pi = [pi1, pi2, · · · , pin] ; i = 1, · · · ,M , where
pij denotes the probability that the i-th audio segment belongs
to the j-th base language.

To determine the most similar language, we calculate the
similarity between the new language and each base language
using the following metric:

simk =

∑M
i=1 I

(
k = argmax

j
pij

)
M

for k = 1, · · · , n
(1)

where I is the indicator function and simk represents the simi-
larity between the new language and the k-th base language.

Step 2: Continual training on new languages Once we
have identified the most similar languages, the next step in-
volves training soft prompts using the language similarities.
As described in Fig 1, building on Whisper’s pre-existing ca-
pabilities in language identification and previous research on
language token understanding, we attempt to introduce Whis-
per’s pre-trained language embeddings as language prompts
into SPT-based end-to-end multilingual speech recognition. In
addition, we use a prompt encoder to encode prompt embedding
with the same dimension as the acoustic features. The prompt
embedding serves as a language prompt, guiding the model to
accurately recognize specific languages with other soft prompts.

In Shared language prompt tuning, shared soft prompts
are shared across each language to encourage efficient adapta-
tion and reduce the parameter overhead. In Separate Language
Prompt Tuning, separate soft prompts is trained for each new
language, providing more granular control over the adaptation
process. When the input is a piece of speech of k-th language,
it will activate k-th soft prompt and pass through Whisper in
the forward pass. Furthermore, language prompts with simi-
larities across languages can be further used to facilitate more
effective training for the new languages, thus improving both
the accuracy of language identification and the performance of
the model on new low-resource languages.

Table 1: FLEURS datasets used in training.

Language Train Dev Test
# hrs # hrs # hrs

Asturian 2511 7.53 398 0.99 946 2.44
Sorani Kurd 3,040 10.46 386 1.23 922 2.99
Kabuverdianu 2,715 10.51 366 1.32 864 3.27

2.3. SPT-Whisper

We implement advanced SPT methods, including LAPT, and
provide open-source implementations of all these techniques on
SPT-Whisper, as shown in Fig. 2. We aim to provide a fair and
practical comparison to advance multilingual ASR.

3. Experiments
3.1. Dataset and Evaluation Metric

To ensure the reproducibility of our proposed methods, we con-
ducted experiments on FLEURS benchmark multilingual open-
source datasets, which comprise 102 languages, of which 19
languages are not supported by the Whisper model. Each lan-
guage has about 12 hours of read speech data, with each au-
dio within 30 seconds. Due to limited resources, initial tests
were performed on three languages randomly selected from the
19 unsupported ones: Asturian, Sorani Kurdish, and Kabuver-
dianu. We adopt the Character Error Rates (CER) for evaluating
ASR performance. Detailed information of the datasets of these
three languages are presented in Table 1.

3.2. Implementation Details

Considering inference speed and limited computational re-
sources, we evaluate our proposed method on not-large foun-
dation models, such as Whisper-small and Whisper-medium.
FFT employs an initial learning rate of 1e-6, which decays lin-
early, while LoRA and SPT-based methods use initial rates of
1e-3. LoRA was applied to the attention layers with a rank of
8, and varying rank sizes showed negligible differences in re-
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Table 2: Soft Prompt Tuning Configuration Analysis on
Whisper-small: Prompt Length and Position (CER %)

Prompt Length Encoder SPT Decoder SPT Entire SPT

16 Prompt Tokens 12.76 11.61 11.77
32 Prompt Tokens 13.27 11.48 11.61
64 Prompt Tokens 13.04 11.41 10.82
128 Prompt Tokens 12.33 11.91 10.31
256 Prompt Tokens 12.77 N/A♠ 10.57

Note: ♠ indicates the decoder does not support 256-token length, due to the
decoder’s context length limitation. Entire SPT with Prompt Length of 256
uses prompts with 256 tokens for the encoder and 128 for the decoder.

sults. We trained the models over 20 epochs with a batch size
of 8. The training was conducted on a single NVIDIA RTX3090
GPU with 24GB of VRAM. For decoding, we selected the best
model from all epochs based on the dev set and performed a
greedy search.

3.3. Prompt Length and Position Selection

The performance of SPT exhibits significant length dependency,
as demonstrated by our systematic evaluation on Whisper-
small for Asturian recognition. We evaluated SPT with prompt
lengths {16, 32, 64, 128, 256}, applied to different components
of the model: the encoder (Encoder SPT), decoder (Decoder
SPT), and the entire model (Entire SPT). As Table 2 reveals,
two critical patterns emerge: (1) Length Threshold: All config-
urations achieve optimal performance at 128 tokens. (2) Archi-
tecture Sensitivity: Decoder SPT show stronger baseline perfor-
mance, but Entire SPT integration enables greater error reduc-
tion. Therefore, we used a prompt length of 128 and applied
Entire SPT in subsequent experiments.

Notably, the best performance is achieved when the soft
prompt is applied to the entire model, emphasizing the impor-
tance of joint optimization between the encoder and decoder for
both acoustic feature extraction and language modeling. This
finding is significant because, in traditional ASR models, the
encoder typically focuses on extracting speech features from
the audio signal, while the decoder uses a language model to
convert those features into text. Extending the Decoder SPT
to the entire model enables better communication between the
two, resulting in improved performance in both tasks.

3.4. Main Results

Table 3 presents a comparison of various fine-tuning approaches
across three target languages: Asturian (ast), Sorani Kurdish
(ckb), and Kabuverdianu (kea), using both Whisper-small and
Whisper-medium models. The baseline performance is ob-
tained on different Whisper model versions (B1-B3), while
FFT, LoRA, and Entire SPT are fine-tuned on both small
and medium models for each language using the respective
FLEURS training sets. When applying different tuning meth-
ods on Whisper-small, FFT provides the best performance, with
an average CER of 8.87% on Whisper-amall (S1), but at a high
computational cost. LoRA (S2) offers a more efficient alter-
native, yielding a CER of 12.93% on average, but it still un-
derperforms compared to FFT. Entire SPT provides a balanced
approach, with both Shared Entire SPT (S3) and Separate Entire
SPT (S5) educing the average CER to 12.43% and 12.54%, re-
spectively, outperforming LoRA. However, the limitation of the
Separate SPT approach is that the model size increases as more
languages are added, whereas the Shared SPT method addresses

Table 3: ASR performance on FLEURS Asturian(ast), Sorani
Kurdish(ckb) and Kabuverdianu(kea) test sets with different tun-
ing approaches. (CER %)

ID Method Languages #Params(M)
ast ckb kea avg

B1 Whisper Small 14.94 57.14 36.23 36.10 /
B2 Whisper Medium 15.01 65.36 36.20 38.86 /
B3 Whisper Large-v3 14.58 40.05 36.67 30.43 /

Whisper-small Tuning Results

S1 FFT 7.14 13.16 6.32 8.87 240.58M
S2 LoRA 10.10 18.94 9.75 12.93 1.85M×3
S3 Shared Entire SPT 10.12 17.37 9.81 12.43 0.17M
S4 + LAPT 9.99 17.35 9.68 12.34 0.96M
S5 Separate Entire SPT 10.31 17.53 9.79 12.54 0.17M×3
S6 + LAPT 10.01 16.70 9.51 12.07 0.96M×3

Whisper-medium Tuning Results

M1 FFT 5.94 11.73 5.03 7.57 762.32M
M2 LoRA 7.52 13.76 7.06 9.45 4.94M×3
M3 Shared Entire SPT 7.47 13.34 6.72 9.18 0.44M
M4 + LAPT 7.45 13.25 6.70 9.13 1.49M
M5 Separate Entire SPT 7.47 13.30 6.76 9.18 0.44M×3
M6 + LAPT 7.20 13.21 6.67 9.03 1.49M×3

Note: #Params indicates the number of trainable parameters. “×3” denotes the
use of three languages with distinct soft prompt groups.

this by sharing soft prompts across multiple similar languages.
Integrating LAPT with Entire SPT further improves perfor-

mance. The combination of Shared Entire SPT and LAPT (S4)
results in a minor improvement, reducing the average CER from
12.43% to 12.34%. However, the biggest improvement comes
from the Separate Entire SPT with LAPT (S6), which reduces
the average CER to 12.07%. This method achieves the lowest
CER for Sorani Kurdish (16.70%), highlighting LAPT’s ability
to enhance language-specific recognition.

In Whisper-medium, similar trends are observed, with FFT
(M1) delivering the best performance, though at a higher com-
putational cost. The Shared Entire SPT (M3) provides more bal-
anced results compared to the Separate Entire SPT (M5), partic-
ularly in terms of parameter efficiency, despite having slightly
lower performance. The Separate Entire SPT with LAPT con-
figuration (M6) is expected to outperform LoRA (M2) and
Shared Entire SPT with LAPT (M4), making it a more efficient
approach for multilingual ASR models.

Overall, experimental results demonstrate that Entire SPT
significantly improves the performance of multilingual ASR by
applying soft prompts across the entire model. Additionally,
the combination of LAPT with Entire SPT provides a scalable
solution for expanding ASR models by leveraging language-
specific features while minimizing interference during language
expansion, all without the computational overhead of FFT.

4. Conclusion
We propose a novel approach to address language interference
and enable efficient language expansion in multilingual ASR.
Entire SPT applies soft prompts to both the encoder and de-
coder to enhance language recognition, while combining Entire
SPT with LAPT leverages cross-lingual similarities for seam-
less expansion. Additionally, we introduce SPT-Whisper for
parameter-efficient continual learning in multilingual ASR, pro-
viding a scalable solution for expanding models without com-
promising performance.
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