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Abstract

In this paper, we propose a parameter-efficient fine-tuning
method to tailor a pre-trained model for speaker verification.
The proposed method simultaneously considers adapter tuning
and prompt tuning in one framework. Instead of conventional
static prompts, we first insert a prompt generator between two
neighboring transformer layers of the pre-trained model, which
can incorporate utterance-specific clues to dynamically gener-
ate instance-aware prompts. Meanwhile, we append parallel
adapter branches to the multi-head attention and feed-forward
modules in the transformer layers in order to capture speaker-
related information. Experimental results on the VoxCeleb
datasets demonstrate the superiority of our method in case of
updating fewer than 10% of the parameters.

Index Terms: Speaker verification, pre-trained model, adapter,
instance-aware prompt

1. Introduction

With the excellent generalization capacity, self-supervised pre-
trained models have shown impressive performance on various
downstream speech tasks, including automatic speech recog-
nition (ASR), speaker verification (SV) and emotion recogni-
tion [1-4]. The key advantage of these models is that they can
leverage universal knowledge from large-scale speech datasets,
enhancing the robustness of downstream tasks [5]. In SV, the
use of pre-trained models (e.g., Wav2Vec2 [6], HuBERT [7],
and WavLM [8]) as feature extractor to derive representa-
tions from raw audio, instead of traditional handcrafted fea-
tures [9, 10], followed by backend classifiers (e.g., ECAPA-
TDNN [11], ResNet [12] and their variants [13]), has become
the mainstream.

Generally speaking, the pre-trained models must be tailored
to downstream tasks by full fine-tuning using task-dependent
data. However, full fine-tuning pre-trained models becomes in-
creasingly challenging as their scale expands from hundreds of
millions to billions of parameters. For instance, WavLM [8]
consists of 316 million parameters, and Whisper [14] contains
up to 1.55 billion parameters, making their fine-tuning compu-
tationally prohibitive [15]. Furthermore, the limitation of task-
dependent data can cause over-fitting and catastrophic forget-
ting in the fine-tuning process [16].

For this, it is straightforward to use linear probing, where
the pre-trained model is kept fixed and only the classification
head is fine-tuned for downstream tasks. However, this method
always results in significant performance degradation compared
to full fine-tuning [17]. Parameter-efficient fine-tuning is a fea-
sible method by utilizing lightweight trainable parameters while
keeping most pre-trained parameters frozen [18]. In the fields of
natural language processing (NLP) and computer vision (CV),

methods like adapter tuning [19], prefix tuning [20], prompt
tuning [21] and LoRA [22] have achieved similar or even better
results compared to full fine-tuning over a wide range of down-
stream tasks. The static prompt tuning was employed in [23,24],
where a set of learnable parameters is appended to the input
to guide the pre-trained model in generating tailored outputs.
However, this approach uses the same prompts obtained from
the training set during the inference stage, resulting in poor gen-
eralization in unseen speakers and complex acoustic scenarios.
A prompt pool [25] was applied to SV to address this issue, but
its ability to cover the speaker variability during the inference
stage still remains limited since the prompt pool comes from
the training set and the lack of consideration for interrelations
across multiple levels. Adapter tuning is also widely used in SV.
Since various acoustic and linguistic clues tend to be encoded
in different layers of pre-trained models [8, 17], inner-layer and
inter-layer adapters were designed in [26] to capture multi-level
information of different speakers. Following the same princi-
ple, Intra-block and Cross-block adapters are designed in [16]
to respectively capture local and global information for better
speech modeling.

In this paper, we propose a novel parameter-efficient fine-
tuning framework for SV, which can combine the strengths of
the adapter tuning and prompt tuning. The advantage of this
method is twofold. First, it can suppress the session variabil-
ity of the input audio by instance-aware prompts instead of
static ones. Second, it can fully exploit the multi-level in-
formation of the pre-trained model through carefully designed
adapter modules. Specifically, to replace the conventional static
prompts, we insert a prompt generator between two neigh-
boring transformer layers of the pre-trained model, which can
dynamically generate instance-aware prompts using the infor-
mation from the output of the neighboring transformer layer.
For the adapter tuning, we separately append parallel adapter
branches to the multi-head self-attention (MHSA) and feed-
forward network (FFN) modules within the transformer layers.
The adapter modules can further guide the pre-trained model to
downstream SV task by combining the output representations
and instance-aware prompts. Experimental results on the Vox-
Celeb datasets demonstrate that our proposed method surpasses
other parameter-efficient fine-tuning approaches and achieves
performance comparable to full fine-tuning in case of updating
fewer than 10% parameters. Meanwhile, our method achieves
greater benefits under low-resource training conditions.

The rest of this paper is organized as follows. Section 2
describes the overall structure of the proposed method in detail.
Experimental setup and results are presented in Section 3 and
Section 4, respectively. Finally, Section 5 concludes this work.
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Figure 1: Proposed instance-aware prompt tuning and adapters framework, where the input of each Transformer layer is composed of
the speech representations concatenated with the instance-aware prompts, and the instance-aware prompts are dynamically generated
by the prompt generator: (a) insertion position of the parallel encoder adapter; (b) prompt generator and (c) parallel encoder adapters.

Table 1: Details of the ECAPA-TDNN, where Convlid is shown
in (kernel size, channel dimension, and scale in Res2net Block)
and Ngpyi. denotes the number of speakers in classification. The
input size is T x 512. This model contains 7.5M parameters.

Block Configurations Output size

0 Conv1d(5, 512) Tx512
Convl1d(1, 512)
1,2,3  Res2Block Cogzrlls(lz’(il;;g) T x 512
SElayer

- Concat & Convld T x 1536
- Pooling & Linear 256
- AAM-Softmax Nspi

2. Methodology

The SV system follows the same structure as described in [17],
which contains a front-end feature extractor based on the pre-
trained model and a backend ECAPA-TDNN model (see Table
1 for details) as the classifier. This work only focuses on the pre-
trained model and the overall structure of the proposed method
is depicted in Fig. 1, which primarily consists of a frozen pre-
trained model with inserted learnable parameters, such as preset
learnable prompt vectors and parallel encoder adapters in the
Transformer layers.

2.1. Instance-aware prompts

For prompt tuning, some learnable prompt vectors (denoted
as Py, Pi, P; in Fig. 1) are always used. In static prompt
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tuning works [24], these learnable prompt vectors are always
fixed during the inference stage once trained. We dynamically
adjust learnable prompt vectors based on input audio to cap-
ture the variability across different speakers. The pre-trained
model comprises several stacked CNN encoder layers followed
by 12/24 Transformer layers. For the output X, € R%*7 of
last CNN encoder layer, we prepend a collection of continuous
prompt embeddings denoted as Py = {p§ € R%:1 < t <
T'}, where d is the number of channels, 7" and T" the num-
ber of frames and prompt vectors, respectively. We concate-
nate Py and X, along the time dimension to form [Po; Xo] €
R&X(T'HT) 45 the input of the first Transformer layer (denoted
as layer O in Fig. 1), given by

Zy = [Po; Xo] =

fo ([Po; Xo]), (D

where fj represents the first Transformer layer. We appoint the
’
first 7" frames of Z as the prompt output P, and the remaining

frames as the representation output X,.
For other Transformer layers f;, @

= 1,...,N — 1,
instance-aware prompts are generated using the outputs Pi,,l
and X;_l of the previous Transformer layer. As shown in
Fig. 1(b), we first apply adaptive average pooling to X Z, , for
aligning P _1 in time dimension. Then, a down-projection lin-

ear layer Waouwn € R s employed to generate the weighted
feature map M as

M = Waown ( ., + AvgPool (X, )) , ?)
After applying broadcasting multiplication ® to combine

M and the learnable prompt vectors P; = {p} € ]Rd,; 1<t<



Table 2: Results on VoxCelebl-O, VoxCelebl-E and VoxCelebl-H datasets, where HuBERT Base and WavLM Base+ have 94.6M and
94.7M parameters, respectively, the backend classifier contains 7.5M parameters, and LM-FT denotes large-margin fine-tuning.

VoxCeleb1-O

VoxCelebl-E VoxCelebl-H

Front-end Model Systems Parameters
EER(%) MinDCF EER(%) MinDCF EER(%) MinDCF
Fixed OM + 7.5M 1.616 0.177 1.797 0.201 3.34 0.302
HuBERT Base Full-tuning 94.6M + 7.5M 1.164 0.117 1.243 0.141 2.342 0.219
Proposed 9.3M+7.5M 1.047 0.105 1.309 0.137 2.177 0.21
Proposed (LM-FT) 9.3M+7.5M 0.978 0.109 1.203 0.128 2.223 0.214
Fixed OM + 7.5M 1.191 0.151 1.27 0.137 2.511 0.245
WavLM Base+ Full-tuning 94.7M + 7.5M 0.814 0.08 0.887 0.099 1.825 0.184
Proposed 9.3M+7.5M 0.713 0.061 0.906 0.097 1.626 0.161
Proposed (LM-FT) 9.3M+7.5M 0.654 0.08 0.849 0.094 1.643 0.165
Table 3: Statistics of the training data. v
Vox-E EER
1 0.986
Datasets Speakers Utterances 0 ooue 0953 0965
VoxCeleb2 5994 1,092,009 0.906
Low-resource 300 52,656 o

T'}, an up-projection linear layer W, is used to restore the
channel dimension as
P, = Wap (P; @ tanh(M)) , 3)

where tanh(-) stands for the tanh activation function. Simi-
larly, we concatenate the instance-aware prompts P; with the
speech representations X; and feed them into the next Trans-
former layer, given by

X’i = X;—h
Zi =P X)) = fi ([P Xi])

“
(&)

where Z; stands for the output.

2.2. Parallel encoder adapters

Besides the prompt tuning, we also integrate the adapter tun-
ing in this work. Different from sequential adapter design [19],
we insert two parallel encoder adapters in each Transformer
layer for the performance, as shown in Fig. 1 (a). To reduce
model parameters and accelerate computation, the parallel en-
coder adapter is primarily composed of a down-projection lin-
ear layer (Down) and an up-projection linear layer (Up), with a
ReLU activation function (see Fig. 1 (c)) to enable non-linear
transformation. The embedding size for adapters is 128.

For the input feature map & of MHSA/FFN, the correspond-
ing output y can be formulated as

y=LN (f(z)+ 2" +z), (6)

where 7’ is the output feature map of the adapter, f(-) and LN(-)
represent the MHSA/FFN operation and layer normalization,
respectively.

3. Experimental Setup

Datasets: We use the VoxCeleb2 dataset [27] for training and
evaluate the systems on the VoxCelebl-O, VoxCelebl-E, and
VoxCelebl-H trials [28]. Besides the conventional setup, we
also simulate a low-resource training scenario to evaluate the
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Figure 2: Impact of varying lengths of instance-aware prompts
(trained on VoxCeleb2 and evaluated on the VoxCelebl ).

model’s performance. We randomly selected 300 speakers from
the VoxCeleb2 dataset as the training set, with the total number
of audio files comprising less than 5% of the full dataset. The
statistics of the training data are presented in Table 3. Online
data augmentation [29] is applied at a probability of 60%, in-
cluding MUSAN [30], room impulse response (RIR) [31] and
speed perturbation [32].

Implementation: We choose HuBERT and WavLM as the
front-end feature extractors and ECAPA-TDNN as the back-end
classifier. We apply model averaging to the temporal models
from the last three epochs. The final speaker embeddings are
extracted with a dimension of 256. Meanwhile, we utilize the
Adam optimizer with a weight decay of le-4 and a learning
rate of le-3. The margin and scaling factors of AAM-Softmax
loss [33] are set to 0.2 and 32, respectively. We also use the
cosine similarity and s-norm [34] to normalize the scores. After
using the 3-second waveforms for 20 epochs, we apply large-
margin fine-tuning (LM-FT) [35] to further boost the perfor-
mance. Specifically, we select utterances over 5 seconds and
set the margin to 0.5 for another 2 epochs. In experiments, we



Table 4: Ablation study on (instance-aware) prompts and (par-
allel encoder) adapters with different pre-trained models.

Methods EER(%)
Front-end
Adapters Prompts Vox1-O Vox1-E Vox1-H
X X 1.616 1797 3.34
X v 1186  1.358  2.37
HuBERT Base X 1484 1495 2213
v v 1.047 1309 2.177
X X 1191 127 2511
X v 0872 1.065 1.849
WavLM Base+ X 0851 0939 1976
v v 0713 0906 1.626

set T" =20 and d’ = 256. The performance is evaluated in terms
of equal error rate (EER) and minimum of the normalized de-
tection cost function (MinDCF) with Pigrget = 0.01 and Cy, =
Cmiss =1.

4. Experimental Results
4.1. Results on the Voxceleb

The main results on the Voxceleb datasets are listed in Table 2.
As expected, the system with the fixed front-end models per-
forms the worst. This implies that the pre-trained models must
be fine-tuned using task-specific data for better domain adap-
tion. The proposed method outperforms the full-tuning system
on Vox1-O and Voxl1-H in case of updating fewer than 10%
of the parameters. After applying the LM-FT training strategy,
the performance of our system becomes more stable, despite
a small decrease in some metrics. This demonstrates that our
method, which integrates the universal representations from the
pre-trained model with task-specific information encoded in the
learnable parameters, is more advantageous for the SV task.

4.2. Ablation study

In order to evaluate the function of each component within the
proposed method, we conduct ablation experiments to show the
impacts of instance-aware prompts and parallel encoder adapter
modules. As shown in Table 4, the separate uses of prompts
and adapters can both improve the performance with different
front-end pre-trained models. This is due to the fact that both
introduce learnable parameters that enable better adaptation to
the downstream task. Their combination achieves the best per-
formance. This is because prompts enable speech adaptation
from the input perspective, and the adapters inserted within the
Transformer layers further strengthen speaker modeling.

We further investigate the impact of prompt length on the
performance in Figure 2. It is clear that increasing the length of
the prompts can improve the model’s ability to capture speaker-
specific information. However, the performance begins to de-
grade when the prompt length becomes excessively long. To
make an acceptable tradeoff, we set 7" = 20 in this work.

4.3. Comparison with other adaptation methods

In order to show the superiority of the proposed method over ex-
isting adaptation methods, we compare it with the widely used
fine-tuning approaches on the Voxceleb. As shown in Table 5,
the proposed method significantly outperforms other adaptation
methods, including the full-tuning system. In Table 5, the sec-
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Table 5: Comparison with other popular adaptation methods.

Methods EER(%)
Vox1-O Vox1-E Vox1-H

Full-tuning 0.814 0.887 1.825
Encoder-Adapter [19] 0.861 0.97 2.001
Static-Prompt [24] 0.915 1.133 1.956
LoRA [22] 0.909 0.932 1.955
MAM-Adapter [36] 0.72 0.92 2.05

Dynamic-prompts [25] 1.51 - -
Proposed 0.713 0.906 1.626
Proposed (LM-FT) 0.654 0.849 1.643

Table 6: Performance evaluation in the low-resource condition.

Methods EER(%)
Vox1-O Vox1-E Vox1-H
Fixed 4.259 4.744 9.722
Full-tuning 3912 4.316 8.918
Encoder-Adapter 3.654 3.9 7.718
Static-Prompt 3.899 4.382 8.287
Proposed 3.478 3.834 7.393

ond best system is MAM-Adapter [36], which utilizes a more
advanced pooling method called multi-head factorized attentive
pooling [15]. This further validates that the proposed frame-
work can generate more flexible prompts, resulting in better
discriminative features for SV.

4.4. Evaluation in the low-resource scenario

We construct a low-resource training set consisting of a small
amount of audio from 300 speakers (see Table 3). As shown
in Table 6, the full-tuning system exhibits worse perfor-
mance compared to other parameter-efficient fine-tuning meth-
ods. This might be caused by severe overfitting in large pre-
trained models. Our method effectively captures the distinc-
tions between speakers, resulting in superior performance. It
can thus be concluded that it is more useful to fine-tune a small
number of parameters instead of the whole pre-trained model in
SV given a limited amount of training data.

5. Conclusion

In this paper, we proposed a novel and effective parameter-
efficient fine-tuning framework based on pre-trained models for
SV, which primarily consists of instance-aware prompts and
parallel encoder adapters. Experiments on the VoxCeleb and the
low-resource datasets demonstrate the advantages of the pro-
posed method. In the future, we will investigate the applicabil-
ity of parameter-efficient fine-tuning methods to various down-
stream speech tasks.
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