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Abstract

Large-scale multilingual ASR models like Whisper excel
in high-resource settings but face challenges in low-resource
scenarios, such as rare languages and code-switching (CS), due
to computational costs and catastrophic forgetting. We explore
Soft Prompt Tuning (SPT), a parameter-efficient method to en-
hance CS ASR while preserving prior knowledge. We evaluate
two strategies: 1) full fine-tuning (FFT) of both soft prompts
and the entire Whisper model, demonstrating improved cross-
lingual capabilities compared to traditional methods, and 2)
adhering to SPT’s original design by freezing model param-
eters and only training soft prompts. Additionally, we intro-
duce SPT4ASR, a combination of different SPT variants. Ex-
periments on the SEAME and ASRU2019 datasets show that
deep prompt tuning is the most effective SPT approach, and our
SPT4ASR methods achieve further error reductions in CS ASR,
maintaining parameter efficiency similar to LoRA, without de-
grading performance on existing languages.

Index Terms: Code-switching speech recognition, Soft prompt
tuning, Parameter-efficient, Whisper

1. Introduction

Foundation models (FMs) such as LLaMA [1], CLIP [2], and
Whisper [3] have demonstrated strong cross-domain capabili-
ties through large-scale pretraining. Among them, Whisper ex-
cels in multilingual automatic speech recognition (ASR), bene-
fiting from massive speech-text data and , showcasing the grow-
ing capabilities of publicly accessible speech models in han-
dling complex multilingual tasks.

However, a significant challenge that remains in FMs is how
to efficiently adapt to low-resource scenarios without compro-
mising the performance of existing ones [4]. To tackle this is-
sue, previous works in the speech signal processing field have
utilized transfer learning techniques, including prompt engi-
neering [5-7], full fine-tuning (FFT) [8-10], and parameter-
efficient tuning (PEFT) methods such as Low-Rank Adaptation
(LoRA) [11-13]. These approaches leverage the pre-trained
weights and knowledge of these FMs, adapting them to new
low-resource language environments.

Soft Prompt Tuning (SPT) is proposed among PEFT meth-
ods for efficiently optimizing a small set of task-specific prompt
parameters [14—18], balancing simplicity, adaptability, and re-
source conservation similar to LoRA. During fine-tuning with
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Figure 1: Comparison of (a) Prompt Engineering, (b) FFT, and
(c) SPT. The fire and ice emojis in the figure represent trainable
and frozen parameters, respectively.

SPT, the parameters of the original model are treated as con-
stants and remain frozen, while the soft prompts are treated as
variables and updated during training. Thus, the training pro-
cess focuses solely on optimizing the soft prompts, enabling
efficient and incremental model adaptation. Figure 1 illustrates
the key differences between prompt engineering, FFT, and SPT.
Recent studies have explored using SPT for cross-lingual trans-
fer, leveraging multilingual language models to transfer knowl-
edge from high-resource to low-resource languages across vari-
ous NLP tasks [19]. Moreover, some findings suggest that com-
bining soft prompt tuning with partial or full model fine-tuning
can further improve performance on downstream tasks [20,21].

As a low-resource scenario, code-switching (CS) ASR
refers to language switching within spontaneous multilingual
recordings, including both intra-sentence and inter-sentence
cases. Current approaches to CS ASR include joint opti-
mization methods [22-24], conditional factorization methods
[25-27], and mixture-of-experts method [28]. However, the
recent advancements in Large Language Models (LLMs) offer
a new approach to these challenges, potentially outperforming
task-specific architectures through their inherent understanding
of multiple languages and acoustic patterns.

In this paper, we introduce SPT for cross-lingual ASR
transfer learning and validate its effectiveness through CS ex-
periments. Our main contributions include: 1) evaluating vari-
ous SPT-based approaches, including the combination of differ-
ent variants called SPT4ASR, to enhance CS ASR capability;
2) introducing SPT-based methods that achieves parameter ef-
ficiency while mitigating catastrophic forgetting; and 3) to the
best of our knowledge, we are the first to conduct a comprehen-
sive comparison of various SPT-based methods for mitigating
catastrophic forgetting in multilingual Whisper models.
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Figure 2: Overview of Whisper model and various Prompt Tuning methods: (a) Whisper is a Transformer-based encoder-decoder
model for multilingual ASR and translation tasks, where the entire model is frozen in SPT-based experiments. (b) Vanilla Soft Prompt
Tuning involves adding prefix embeddings to the model input features. (c) Deep Prompt Tuning (DPT) extends this by adding prefix
embeddings to the output of each block within the Whisper model. (d) Residual Prompt Tuning (ResPT) leverages an autoencoder with
reparameterization through residual connections to enhance the model. (e) Language Prompt Tuning (LPT) encodes discrete Language
IDs (LIDs) into prompt embeddings to improve language discrimination. (f) SPT4ASR is a combination of the aforementioned methods,
specifically designed to improve cross-lingual transfer and language expansion in ASR models.

2. Methods
2.1. Background of Whisper

Fig. 2(a) shows that the Whisper model uses a Transformer-
based encoder-decoder architecture. It excels in multi-lingual
speech recognition and translation, handling multiple tasks si-
multaneously through special task tokens as decoder input
prompts. For English ASR without predicting timestamps, the
decoder input sequence g is structured as:

(Prev), {|SOT]), {|EN|), (| Transcribe|), {|NoTimestamps|),

where (Prev) optionally represents previous text tokens for con-
text during decoding, and succeeding (| - |) tokens denote for
Start of Transcript, Language ID, Transcription task, and No
Timestamps specification.

2.2. FFT

FFT is the mainstream method for adapting Whisper to new
languages [8—10]. In this approach, all parameters of Whisper
are optimized using the training data from the new language to
enhance its performance in that specific language. Given a pre-
trained Whisper model with parameters 6 and a new dataset Y,
the FFT objective is:

max > log Py | X,0), (1)
(X,y)ey

where (X, y) are speech-label pairs from the dataset Y.
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2.3. LoRA

LoRA is a prominent PEFT technique that efficiently adapts
models to new tasks or languages [12,13]. It adjusts only a sub-
set of weights by adding low-rank decomposition matrices to
the model, while keeping the original parameters 6 frozen. This
approach significantly reduces computational costs and mem-
ory requirements compared to FFT, while maintaining compa-
rable effectiveness. The optimization objective for LoORA can
be formulated as:

max > log Po(y|X.0,0),
(X,y)ey

(€3

where 0’ represents the subset of trainable or newly added pa-
rameters.

24. SPT

SPT adapts Whisper by introducing learnable embeddings P,
namely soft prompts, which are concatenated to the model’s in-
puts while freezing Whisper model parameters 6. Specifically,
SPT optimizes a trainable embedding matrix P € R"*¢, where
n represents the number of soft prompts and e is the dimension
of each embedding. The optimization problem is formulated as

follows:
max Z log Py (y|[P, X],0). 3)

(X,y)eYy

Applying SPT to Whisper involves designing separate soft
prompt sequences for both the encoder and decoder. Fig. 2 (b)



illustrates this process. Given a sequence of acoustic features
X € R'® and a decoder embedding matrix £ € R!VI*¢ we
determine the optimal soft prompts P € R™*¢ for the encoder
input and P’ € R™*¢ for the decoder input. Here, [ is the input
speech length, |V/| is the vocabulary size, and n is the length of
soft prompts.

We experimented with different SPT implementations by
adding soft prompts to the encoder, decoder, or both. For en-
coder adaptation, the model concatenates [P, X] € R("TDxe,
where P is the soft prompt matrix of length n, X is the input
features of length [, and e is the embedding dimension. This al-
lows the encoder to process both the original input features and
the soft prompts together. For decoder adaptation, soft prompts
P’ € R™*¢ are inserted into the (Prev) token of the decoder
input sequence g, which includes other special tokens such as
start-of-sequence, language ID, and task tokens. The resulting
input is [P’,embed(g)] € R"*4*¢ where n + 4 represents
the total number of tokens in the modified sequence. This mod-
ified input provides additional context to the decoder, guiding
the decoding process effectively.

2.4.1. Deep Prompt Tuning

In the above vanilla SPT approach, where soft prompts are only
concatenated with input features before entering the encoder
and decoder, we note some limitations: the prompt length is
constrained by computational costs, limiting instruction capac-
ity, and the static prompts are too distant from the output layers
to directly influence final predictions.

Fig. 2 (c) shows that we introduce Deep Prompt Tuning
(DPT) [29], a novel approach that inserts soft prompts at various
intermediate blocks throughout the Whisper model. By strate-
gically placing prompts across different levels of the network,
we enable a more direct and nuanced influence on the model’s
predictions without altering the original parameters.

2.4.2. Residual Prompt Tuning

To overcome limitations of traditional SPT, such as slow conver-
gence and reliance on pre-training prompts, we introduce Resid-
ual Prompt Tuning (ResPT) [30], inspired by reparameteriza-
tion. As illustrated in Fig. 2 (d), ResPT employs a shared multi-
layer perceptron (sharedMLP) for reparameterization, enabling
efficient and consistent prompt generation. The sharedMLP
reparameterizes all prompts, improving training efficiency and
robustness through parameter sharing.

ResPT’s key advantage is refining soft prompts quickly
without requiring extensive pre-training. The use of residual
connections allows the model to build on previous prompt in-
formation, while the sharedMLP ensures stable learning. Math-
ematically, the reparameterization is given by:

P’ = MLP(P) + P, 4)

where P represents the input soft prompts, MLP (P) is the out-
put of the shared MLP, and P’ is the refined soft prompt.

2.4.3. Language Prompt Tuning

Building on Whisper’s language identification capabilities and
prior work on language token understanding [6-8], we intro-
duce Language Prompt Tuning (LPT) [31] to enhance code-
switching ASR performance. Our approach combines this with
a Language Encoder, as an adapter module designed to improve
language differentiation in code-switching environments. The
Language Encoder is a lightweight, task-specific component
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that integrates context-specific cues for each language, allow-
ing the model to dynamically adapt to language transitions more
efficiently and accurately.

In our implementation of CS ASR, we integrate two LIDs
to fully exploit Whisper’s capability to interpret language to-
kens. Specifically, we utilize Whisper’s pre-trained language
embeddings as prompts, guiding the model to more accurately
identify distinct languages in mixed-language speech contexts.
As shown in Fig. 2 (e), these language-specific embeddings are
concatenated with acoustic features before being input into the
Whisper model. This method not only improves language dif-
ferentiation in new CS scenarios but also maintains overall ASR
performance across multilingual environments.

Table 1: Corpus Details with SEAME and ASRU2019

Corpus [ Subset [ Duration(Hrs) [ Man/Eng
Train 93.6 0.83/0.17
SEAME DevMan 7.5 0.91/0.09
DevSge 39 0.55/0.45
Train 193.0 0.97/0.03
ASRU2019
Test 20.6 0.98/0.02

3. Experiments
3.1. Dataset and Evaluation Metric

Following the approach used in Whisper’s FFT [8], we op-
timized soft prompts using the SEAME corpus, a conversa-
tional Mandarin-English dataset of approximately 100 hours
from Southeast Asia, i.e., Malaysia and Singapore, and the
ASRU2019 dataset, a 200-hour Mandarin-English CS dataset
from Mainland China, released by Datatang for a Mandarin-
English ASR challenge. Both the SEAME and ASRU2019
datasets consist of intra-sentential code-switching speech data
and detailed information of the datasets of these three languages
are presented in Table 1. We adopt the Mix Error Rate (MER)
for evaluating CS ASR performance, calculating errors at the
character level for Mandarin and at the word level for En-
glish. To assess alleviating catastrophic forgetting, we used the
Aishelll dataset for Chinese ASR, the LibriSpeech test set for
English ASR, and the Korean language evaluation data from the
SPREDS-U1 dataset for Korean ASR.

3.2. Implementation Details

We conducted experiments on Whisper’s small and medium
models, training for 10 epochs with a batch size of 8. The
AdamW optimizer was used, starting with a learning rate of le-
3 for LoRA and SPT, and le-6 for FFT. The training was con-
ducted on a single NVIDIA RTX3090 GPU with 24GB VRAM.
For decoding, we selected the best model from all epochs and
performed greedy search.

4. Results
4.1. Prompt Length and Position Selection

The performance of SPT is highly sensitive to prompt length.
We experimented with Vanilla SPT tuning using lengths {16,
32, 64, 128, 256} on the SEAME dataset with the Whisper
small model. As shown in Table 2, performance improves with
increasing length up to 128, the maximum length the decoder
can handle due to context length limitations. Notably, tuning



Table 2: Speech recognition results on SEAME dataset with different prompt lengths and positions (MER %)

‘ Prompt Length of 16 [ Prompt Length of 32 [ Prompt Length of 64

[ Prompt Length of 128 [ Prompt Length of 256

Prompt Positions | devman T devsge [ devman [ devsge | devman [ devsge [ devman [ devsge | devman [ devsge
Vanilla Soft Prompt (Encoder) 27.59 32.11 27.64 35.49 32.12 37.29 24.62 34.81 24.98 34.71
Vanilla Soft Prompt (Decoder) 32.15 45.27 30.23 42.86 27.95 40.56 25.44 39.21 N/A® N/A®
Vanilla Soft Prompt (Entire) 31.25 36.75 26.39 34.47 23.21 28.92 21.95 27.39 22.31 30.81

Note: & indicates the decoder doesn’t support 256 token length due to context limitations. The Entire Position uses 256 tokens for the encoder and 128 for the decoder.

Table 3: ASR performance comparison results of SPT and other
methods on SEAME and ASRU2019 datasets (MER %)

ID Method SEAME ASRU #Params (M)
devman [ devsge test
B1 | Whisper Small 95.59 75.66 | 29.74 /
B2 | Whisper Medium 76.49 65.36 | 23.21 /
B3 | Whisper Large-v3 61.18 60.14 18.41 /
B4 | ESPnet Conformer 16.60 2330 | 13.20 47.27TM
Whisper-small Tuning Results
S1 | FFT 13.37 19.42 | 12.92 240.58M
S2 | LoRA 13.96 20.59 13.00 1.85M
S3 | Vanilla SPT 21.95 27.39 15.60 0.20M
S4 +DPT 16.57 23.99 13.52 1.39M
S5 + ResPT 20.23 26.43 15.06 0.79M
S6 +LPT 18.24 26.68 14.68 0.99M
S7 | SPT4ASR 15.48 21.98 13.12 3.74M
S8 | Whole model SPT 13.07 18.65 | 12.84 240.69M
Whisper-medium Tuning Results
M1 | FFT 11.44 17.55 10.18 762.32M
M2 | LoRA 11.68 16.99 10.35 4.94M
M3 | SPT4ASR 13.12 18.10 11.30 7.48M
M4 | Whole model SPT 11.17 16.61 | 10.18 762.59M

Note: #Params refers to the number of trainable parameters.

the entire model yields the best results. Therefore, in subse-
quent experiments, we used a prompt length of 128 and applied
tuning to the entire model.

4.2. Main Results

Table 3 presents a comparison of tuning methods, including
SPT variants, FFT, and LoRA, on the SEAME and ASRU2019
datasets for Whisper-small and Whisper-medium models, along
with zero-shot results from three different Whisper model ver-
sions (B1-B3) and the ESPnet Conformer results (B4).

4.2.1. Comparison of different SPT variants

As shown in Table 3, among the SPT variants for Whisper-
small, DPT (S4) achieves the most significant improvement,
significantly outperforming the zero-shot performance of base-
line Whisper models (B1-B3), and performing similarly to the
ESPnet Conformer results (B4). This enhancement can be at-
tributed to its ability to introduce learnable parameters at multi-
ple layers of the model, thus enabling more granular adaptation
across the network hierarchy. ResPT (S5) and LPT (S6) also
demonstrate substantial enhancements with fewer parameters.
Notably, SPT4ASR, a combination of multiple SPT variants
(S7), achieves the best performance among SPT-based meth-
ods, with only about 3.74M parameters, highlighting the poten-
tial and effectiveness of integrating different SPT approaches.

4.2.2. Comparison of SPT with FFT and LoRA

As shown in Table 3, across both Whisper-small and Whisper-
medium models, the SPT4ASR methods (S7 and M3) perform
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Table 4: SPT results on AISHELL-1 (CER%), LibriSpeech
(WER%) and Korean (WER%) from the SPREDS-U1 datasets
in mitigating catastrophic forgetting

Aishell Librispeech SPREDS
b Method dev [ test | testclean | test other [ 04kor
C1 | Whisper Small 12.72 | 1391 3.40 7.60 18.90
C2 | Whisper Medium 9.38 | 9.54 2.90 5.90 15.96
C3 + FFT 15.82 | 17.16 13.15 22.17 436
C4 + LoRA 9.37 | 9.73 3.51 6.97 16.80
C5 + SPT4AS 9.44 | 9.70 3.50 7.46 17.03

slightly worse than FFT while utilizing considerably fewer pa-
rameters. However, it is worth acknowledging that, in terms
of both parameter efficiency and performance, LoRA (S2 and
M2) still outperforms SPT4ASR (S7 and M3) , whether in the
small or medium model. Surprisingly, we found that when
applying Vanilla soft prompts to Whisper-small and Whisper-
medium models, integrating soft prompts with whole model
full tuning resulted in significantly better performance (S8 and
M4) compared to standard FFT methods (S1 and M1). For
instance, the Whisper-medium model with both whole model
FFT and SPT(M4) achieved a devman MER of 11.17% and a
devsge MER of 16.61%, outperforming the Medium FFT ap-
proach(M1) with only a 0.27M increase in parameters.

4.3. Mitigation of Catastrophic Forgetting

To assess the effectiveness of SPT in alleviating catastrophic
forgetting, we compared it with FFT and LoRA methods on
monolingual ASR tasks using Whisper Medium models. Ta-
ble 4 shows that while FFT-based models (C3) exhibited signif-
icant performance degradation, both SPT4ASR (C5) and LoRA
(C4) maintained performance close to the baseline Whisper
Medium model (C2). This trend is consistent across Whisper
Small and Medium models. This preservation of performance
was consistent in both monolingual ASR experiments, suggest-
ing that SPT and LoRA effectively mitigate catastrophic for-
getting. The efficacy of SPT and LoRA can be attributed to
their plug-and-play nature, allowing for model adaptation with-
out parameter expansion.

5. Conclusion

We introduce FFT with SPT, compare various SPT-based meth-
ods, and integrate them into SPT4ASR to assess their effective-
ness in low-resource transfer through CS ASR, addressing the
gap in comprehensive SPT evaluation for ASR. Our approach
reduces errors and mitigates catastrophic forgetting, though it
does not outperform FFT, while using fewer task-specific pa-
rameters, similar to LoORA. While LoRA remains more effective
in terms of performance and parameter efficiency, soft prompt-
based methods represent a viable alternative, offering a com-
pelling trade-off between adaptability and resource usage, and
warrant continued investigation in multilingual ASR.
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