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Abstract—Dialect Identification (DI) is a task to recognize
different dialects within the same language from a speech signal.
DI can help to improve the downstream speech related tasks
even when speakers have a strong dialect. However, fine-tuning
a speech model for tasks like DI is expensive in terms of
computation cost and memory requirement. Recent studies have
explored fine-tuning pre-trained speech models for tasks like DI
using Parameter-Efficient Fine-Tuning (PEFT) methods, which
offer parameter efficiency but limited improvement in memory
efficiency and training speed. To address these challenges, we ex-
plore Memory-Efficient Fine-Tuning (MEFT) methods, originally
proposed for language processing, and apply them to the general-
purpose pre-trained speech model. We then comprehensively
analyze the GPU memory usage and fine-tuning speed based on
various MEFT methods. As a case study, we fine-tune the Whisper
model to identify six Mandarin subdialects from the KeSpeech
dataset, reducing GPU memory usage by up to 73.25% and
accelerating training speed by a factor of 2.1, while maintaining
accuracy comparable to vanilla fine-tuning and PEFT methods.

I. INTRODUCTION

Dialect identification (DI) [1], [2] amounts to identifying
dialects belonging to the same language branch, which is a
specific case of language identification [2], [3] (LID) task.
However, DI is more challenging than LID because dialects
share similar acoustic and linguistic characteristics compared
to different languages [4], [5]. Dialect identification can help
improve speech recognition systems and is also expected to
enhance human-computer interaction applications and secure
remote access communications [6]. Moreover, DI can help
drive novel e-health and telemedicine services, which can be
especially valuable for elderly and homebound individuals. [4]

Fine-tuning a pre-trained speech model for downstream
tasks has been proved to achieve outstanding performance on
various tasks as it can leverage the common speech features
learned from large corpus during the pre-training [7]–[11].
However, vanilla fine-tuning, which updates patameters of the
whole model, demands substantial computational power and
memory capacity, making it a costly endeavor, especially in
the case that the space complexity of transformer [12] is
O(n2) while n is the sequence length [13], and the sequence
lengths of speech models are often longer than that of language
models. To alleviate these resource requirements, recent stud-
ies [14], [15] have adopted Parameter-Efficient Fine-Tuning
(PEFT) methods [16], which update only a small subset of
model parameters. PEFT drastically reduces compute and

storage overhead while achieving performance on par with full
fine-tuning and mitigating catastrophic forgetting [17].

Although Parameter-Efficient Fine-Tuning (PEFT) methods
significantly reduce the number of parameters to be updated,
their gains in memory efficiency are modest, typically ranging
from 10% to 30%. In other words, PEFT methods provide
limited advantages for training on low-resource GPUs, as
they still require backpropagation through the entire backbone
model to compute gradients for parameter updates [18]. This
necessitates storing intermediate activations from the backbone
model’s layers in GPU memory, leading to substantial memory
consumption. Furthermore, our observations suggest that PEFT
methods have a limited impact on accelerating the training,
with improvements of up to about 10% in our evaluations,
which offers only marginal benefits for low-resource GPUs.

To better adapt fine-tuning for DI tasks on low-resource
GPUs, we introduce Memory-Efficient Fine-Tuning (MEFT)
methods [18]–[20] by using DI as an example. MEFT methods
have achieved success in Natural Language Processing (NLP)
tasks [18]–[20], but its effectiveness on speech related tasks
remains to be explored. We deploy MEFT methods on the
general-purpose speech recognition architecture, Whisper [21]
from OpenAI, which has been pre-trained on a large speech
corpus, and fine-tune it for DI tasks. MEFT methods construct
a lightweight side network alongside the backbone model,
taking the intermediate activations of the backbone model as
inputs and updating only the side network. This approach
avoids backpropagation through the backbone model, reducing
GPU memory usage.

In this work, we evaluate our approaches on subdialects of
Mandarin Chinese, as the differences between Mandarin subdi-
alects are relatively subtle compared to dialect-level variations
and difficult to be effectively captured by the model [22],
making their distinction more challenging. Mutual intelligi-
bility is generally high among Mandarin subdialects despite
regional lexical differences. This serves as a rigorous test of
the capability.

The main contributions of this work are as follows:
1) We extend the application of MEFT methods to speech

processing, systematically addressing the challenges
posed by long input sequences and the computational
overhead of side-layer operations. Our analysis demon-
strates the effectiveness of MEFT in mitigating GPU

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

979-8-3315-7206-8/25/$31.00 ©2025 IEEE 670



memory bottlenecks in fine-tuning speech models.
2) We report substantial performance gains on the Ke-

Speech dataset [23], specifically targeting six Mandarin
sub-dialects, where our methods consistently outperform
baseline systems in subdialect identification accuracy.

3) Our proposed approaches achieve comparable accuracy
to full fine-tuning (within 0.67%) while reducing GPU
memory consumption by up to 3.7× and improving
training throughput by up to 2.1×. Our code is available
at https://github.com/linzr25/Whisper-DI-MEFT.

II. RELATED WORK

A. Parameter-Efficient Fine-Tuning Methods

Several PEFT methods have been proposed to fine-tune large
pre-trained models for downstream tasks. In this section, we
introduce several widely used PEFT approaches.

Adapters: Adapters are small, trainable modules typically
inserted into pre-trained models, with the original model
parameters kept frozen. These modules usually follow a bot-
tleneck architecture that includes a layer normalization (LN),
two fully connected (FC) layers, an activation function, and a
residual connection. We follow the insertion form consistent
with the work [24].

BitFit: Bias-Term Fine-Tuning (BitFit) [27] is a PEFT
method that updates only the bias terms and the task-specific
classification layer of the model, leaving the other pre-trained
parameters unchanged.

LoRA: LoRA adds low-rank matrices to the transformer
attention layers. LoRA simulates parameter changes via low-
rank decomposition, enabling fine-tuning of large models using
a small number of parameters.

AdaLoRA: AdaLoRA [26] refers to Adaptive Low-Rank
Adaptation, which addresses the limitation of distributing the
parameter budget evenly across all weight matrices/layers,
as seen in LoRA and other methods. AdaLoRA adaptively
allocates the parameter budget to different weight matrices
based on their importance score and parameterizes the updates
using singular value decomposition.

These PEFT methods either update a small subset of pre-
trained parameters or introduce additional parameters into a
pre-trained backbone network. Consequently, they still require
back-propagation through the backbone model, because the
gradient values are needed even for frozen layers to update
the parameters of fine-tuned layers, as shown in Fig. 1 (a),
leading to high GPU memory consumption.

B. Existing Work in Dialect Identification

Fine-tuning pre-trained speech models has become a widely
adopted approach, as it effectively leverages the knowledge
learned from large-scale datasets during pre-training, resulting
in improved performance on resource-limited dialect datasets.

Shaik et al. [28] combined self-supervised adaptive pre-
training with fine-tuning on the pre-trained wav2vec 2.0 [9]
model, achieving high performance in both language and
dialect identification. Garg et al. [29] fine-tuned the pre-trained

Conformer [30] model for classifying African-American and
non-African-American English, improving speech recognition
performance. Shen et al. [31] fine-tuned self-supervised pre-
trained speech models as feature extractors of the dialect
identification system.

Several studies have explored the application of PEFT meth-
ods for DI tasks. Radhakrishnan et al. [14] employed Adapters
to fine-tune the pre-trained Whisper [21] model for Arabic
dialect identification, achieving state-of-the-art accuracy on the
ADI-17 [32] dataset. Kamiya et al. [15] applied Adapters to the
pre-trained wav2vec 2.0 model for DI and Automatic Speech
Recognition (ASR) tasks, leveraging DI to enhance Japanese
dialect speech recognition.

Despite the success of these studies, they are all based on
vanilla fine-tuning or PEFT methods, therefore, suffer from
high resource demands.

III. METHOD

We explore three MEFT methods for resource-efficient
fine-tuning of pre-trained models on DI tasks: LST [18],
UniPT [19], and SHERL [20].

A. Ladder Side-Tuning

Ladder Side-Tuning (LST) [18], as illustrated in Fig. 1
(b), constructs a lightweight, trainable side network that runs
alongside the backbone model. Each layer in the side network
receives input from the intermediate activations via shortcut
connections, forming a parallel ladder structure. The ith side
layer takes the output from the previous side layer, denoted as
hg
i−1, and the downsampled intermediate activations, hf

i , from
the ith backbone layer. The activations are combined using a
trainable gating mechanism: µi ∗ hf

i + (1− µi) ∗ hg
i−1, where

µi = sigmoid
(
αi

T

)
, αi is a learnable scalar initialized to zero,

and T (= 0.1) is a constant temperature.
By introducing direct connections between layers in the side

network, LST eliminates the need for backpropagation through
the backbone model. Although constructing the side network
using transformer blocks outperforms in natural language
processing (NLP) and vision-and-language (VL) tasks, we
choose bottleneck Adapter blocks to construct the side network
in our work. This is because the sequence length of speech
features is generally longer than that of text tokens [33], and
the space complexity of the standard self-attention mechanism
is O(n2) [13]. We opt not to introduce attention mechanisms
in the side network of LST to avoid excessive memory
requirements for longer sequences.

B. Universal Parallel Tuning

Universal Parallel Tuning (UniPT) [19], illustrated in Fig. 1
(c), aims to address the potential semantic inconsistencies
introduced by the static gating mechanism in LST, which
combines the outputs of each backbone layer with its corre-
sponding side layer. UniPT leverages the final layer’s supe-
rior representation and transfer capabilities in the pre-trained
network to overcome this limitation, using its layer feature
FN as a guide. In the interaction layer, the feature from ith
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Fig. 1. (a) parameter-efficient fine-tuning, including Adapter [24], LoRA [25], AdaLoRA [26] and BitFit [27]; (b) Ladder Side-Tuning (LST) [18]; (c) Universal
Parallel Tuning (UniPT) [19]; (d) SHERL [20].

backbone layer Fi serves as the key and value, while the
FN acts as the query. Feature extraction is performed via a
cross-attention operation: F ′

i =
(
∥ReLU(FNF⊤

i )∥1 + I
)
Fi.

In the confidence layer, FN guides the aggregation of features
through confidence-based calculations. This interaction ensures
semantic coherence between layers.

C. SHERL

SHERL [20], illustrated in Fig. 1 (d), addresses two main
issues in MEFT methods: feature redundancy during cross-
layer aggregation, which may dilute small but meaningful
features, and misalignment between the output projections of
the backbone network layers and the original input-output pro-
jections. SHERL first computes the cosine similarity between
the features of the first N − 2 layers and sums the values
along the embedding dimension to obtain the redundancy rate
of each feature. It then uses the output of the (N − 1)th

layer as guidance, with the feature set of shallow layers as the
key and value. Feature extraction is performed through cross-
attention, while redundancy is reduced based on the calculated
redundancy rate. After the early aggregation, as shown in
Fig. 1, SHERL combines the aggregated early features with
those from the (N − 1)th layer through gate addition, then
passes the result through the N th layer to produce the final
output.

IV. EXPERIMENTS

A. Model

Our experiments use the multilingual Whisper-small [21], a
transformer-based, general-purpose speech recognition model
pre-trained on 680,000 hours of multilingual and multitask
supervised data, demonstrating strong speech representation
capabilities. The embedding dimension of the model is 768.
The input audio is 30 seconds long, converted into a log-Mel
spectrogram with a sequence length 1500. If the audio duration

is shorter than 30 seconds, it is padded with zeros; if it exceeds
30 seconds, it is truncated to ensure a consistent input length.

For our experiments, we use only the encoder portion of
the Whisper model. At the end of the encoder, we append a
classification head. The output from the final encoder layer
is passed through a projection layer, which maps the feature
dimensions to the appropriate space for classification. A pool-
ing operation is then applied to average the features across all
time steps of each sample, resulting in a fixed-length pooled
representation. Finally, this pooled output is fed into a fully
connected classifier to generate the final classification logits.
In our configuration, the projection layer has a dimension of
256, and the model has 88 million parameters.

B. Dataset

We evaluate our model on KeSpeech[23], which is a large-
scale open-source speech dataset designed to advance sub-
dialect identification, featuring 1,542 hours of audio from
27,237 speakers across 34 cities in China. It covers standard
Mandarin and 8 subdialects, with rich labeling (transcriptions,
speaker identity, subdialect) that enables effective training and
evaluation of dialect-related tasks. The inclusion of parallel
recordings in both standard Mandarin and regional subdialects
supports novel applications like subdialect style conversion,
while the extensive speaker diversity and two-phase recordings
make it ideal for robust, time-aware dialect modeling.

C. Training Settings

We use the Adam optimizer for all methods in our exper-
iments. We explore learning rates of {1 × 10−3, 5 × 10−4,
1 × 10−4} and select the optimal value based on evaluation
performance. Any extra parameters introduced into the pre-
trained model are randomly initialized. All methods are fine-
tuned for 10 epochs in each experimental setup until conver-
gence. Training is performed on a single NVIDIA H100 94GB
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TABLE I
COMPARISON OF DIFFERENT METHODS ON SIX MANDARIN SUBDIALECTS FROM THE KESPEECH [23] DATASET. WE REPORT THE OVERALL

IDENTIFICATION ACCURACY ON THE TEST SET, GPU MEMORY USAGE, AND TRAINING TIME PER EPOCH IN MINUTES. THE ADAPTER, LORA, AND
ADALORA METHODS ARE EVALUATED WITH HIDDEN DIMENSION (DIM), RANK (R), OR INITIAL RANK (INIT R) OF {64, 128, 256}. THE LST, UNIPT, AND

SHERL METHODS ARE EVALUATED WITH REDUCTION FACTORS (RF ) OF {2, 4, 8}. THE TRAINING TIME IS AVERAGED OVER ALL TRAINING EPOCHS.

Method Trainable Ratio (%) GPU Mem. (GiB) (↓) Time/epoch (min) (↓) Accuracy (%) (↑)
Kaldi-xvector [23] —— —— —— 56.34
ResNet-34 [23] —— —— —— 61.13
ECAPA-TDNN [23] —— —— —— 60.77

Head Tuning 0.22 7.06 5.68 59.33
Vanilla Fine-Tuning 96.48 76.14 16.58 78.67
Adapterdim=64 2.88 64.21 16.21 76.26
Adapterdim=128 5.34 65.34 16.33 75.83
Adapterdim=256 9.91 67.34 16.50 75.54
LoRAr=64 2.82 53.14 15.92 78.06
LoRAr=128 5.28 53.76 15.99 78.37
LoRAr=256 9.85 54.95 16.09 78.77
AdaLoRAinit r=64 2.82 52.87 18.31 76.86
AdaLoRAinit r=128 5.29 53.44 18.35 77.71
AdaLoRAinit r=256 9.86 56.87 18.49 77.80
BitFit 0.33 47.33 15.05 68.83
LSTRF=2 7.09 28.37 9.92 77.37
LSTRF=4 3.80 22.88 9.17 77.18
LSTRF=8 2.06 20.39 8.58 78.00
UniPTRF=2 5.31 43.32 17.40 77.47
UniPTRF=4 2.85 36.76 16.25 77.58
UniPTRF=8 1.57 34.26 15.51 76.43
SHERLRF=2 7.92 45.08 10.78 75.98
SHERLRF=4 3.30 31.64 9.03 75.43
SHERLRF=8 1.54 21.54 8.02 75.88

GPU with a batch size of 128 and enables mixed precision
training [34]. We do not use gradient checkpointing [35] or
quantization [36]. No additional regularization techniques are
applied.

For Adapter, LoRA, and AdaLoRA, we experiment with
hidden dimensions, ranks, or initial ranks from {64, 128,
256}. For LST, UniPT, and SHERL, we test reduction factors
(RF ) of {2, 4, 8}, which control the embedding dimensions
of the downsampling layers, upsampling layers, and the side
network. The hidden dimension of the Adapter module in LST
is fixed at 256. In vanilla fine-tuning, the two convolutional
layers at the bottom of the Whisper model—responsible for
processing input representations—and the position embedding
layer are frozen. In addition to vanilla fine-tuning, PEFT,
and our approaches, we also evaluate head tuning, where
only the classification head is updated. For all methods, the
classification head is trained during fine-tuning.

D. Experimental Results

Accuracy Performance. The experimental results are
shown in Table I. Among PEFT methods, Adapter, LoRA,
and AdaLoRA achieve performance comparable to vanilla
fine-tuning, significantly outperforming the baseline provided

by KeSpeech [23], which trains the entire network. BitFit,
however, performed poorly. Our proposed approaches demon-
strated similar performance to PEFT methods. Among them,
LST with RF = 8 achieves an accuracy of 78.00%, outper-
forming AdaLoRA and Adapter, maintaining accuracy within
0.67% of vanilla fine-tuning and 0.77% of LoRA.

GPU Memory Usage. As shown in Table I, PEFT methods
can reduce GPU memory usage compared to vanilla fine-
tuning. Among PEFT methods, Adapter reduces memory usage
by about 11% to 16%, while LoRA and AdaLoRA reduce
memory usage by approximately 28% to 30% compared
to vanilla fine-tuning. BitFit achieves the most significant
memory reduction at 37.83%, though its performance was
suboptimal. MEFT methods demonstrated a further reduction
in GPU memory usage compared to PEFT methods. When
RF = 8, LST, UniPT, and SHERL reduce GPU memory usage
by 73.25%, 55.00%, and 71.71%, respectively, compared to
vanilla fine-tuning. LST achieves the best performance among
MEFT methods, with the lowest memory usage, 2.3× lower
than the PEFT method with the lowest memory usage.

Training Speed. The average training time per epoch
recorded in Table I shows that PEFT methods offer limited
improvements in training speed. In contrast, among MEFT
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methods, LST and SHERL significantly enhance training
speed. When RF = 8, LST and SHERL accelerate training
by 1.9× and 2.1×, respectively. Notably, we observe that the
convergence speed of MEFT methods is comparable to PEFT
methods.

V. DISCUSSION

In our experiments, we found that among three MEFT ap-
proaches the training time of UniPT is significantly longer than
that of LST and SHERL, with its GPU memory usage notably
higher than LST and exceeding SHERL when RF = {8, 16}.
We attribute this to the cross-attention operations introduced
at each layer. This operation’s time and space complexity is
O(n2), which increases computational complexity and GPU
memory usage as the sequence length grows. SHERL intro-
duces this operation only once, while LST, in our setup, does
not include attention operations. This reveals that for speech
models, it is crucial to minimize the introduction of such
operations when fine-tuning with MEFT methods to maintain
resource efficiency.

In addition to the MEFT methods implemented in our work,
we also tested the memory-efficient zeroth-order optimizer
(MeZO) [37], which estimates gradients using only forward
passes and parameter perturbations for optimization. However,
we found that MeZO failed to converge, possibly due to the
higher effective rank of the Hessian matrix of the loss [37]
when fine-tuning the pre-trained speech model for the DI task.

Furthermore, for all MEFT methods, besides using the
output from the final encoder layer of Whisper model, we
experimented with the weighted sum of the outputs from all
encoder layers, which performed worse than using only the
output from the final encoder layer.

Our future work will focus on further reducing MEFT’s
resource consumption by integrating advanced memory-saving
techniques (e.g., quantization) and conducting ablation studies
to identify and minimize the number of layers requiring fine-
tuning. We also plan to extend our work to utilize MEFT
methods in broader speech-related tasks.

VI. CONCLUSION

By leveraging a general-purpose pre-trained speech process-
ing model and implementing MEFT approaches, we demon-
strated competitive performance on the DI task using the
KeSpeech dataset for six Mandarin subdialects. Our proposed
approach significantly reduces GPU memory usage by up to
73.25% and accelerates training iteration speed by up to 2.1×
compared to the vanilla fine-tuning while maintaining accuracy
within 0.67% of vanilla fine-tuning and 0.77% of resource-
hungry PEFT approaches like LoRA. These results highlight
that MEFT approaches, which have recently been adopted for
natural language processing, have the potential to be efficiently
used in speech-related tasks.
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