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Abstract—In recent years, there has been a surge in the use
of a pre-trained speech model as a feature extractor for speaker
verification (SV). To reduce model complexity, researchers trans-
fer knowledge from a pre-trained model to a lightweight stu-
dent model, enabling the latter to reach a performance level
not attainable by conventional methods. However, due to the
differences in model capacity, the student features contain more
noise. This results in discrepancies between the teacher and
student features at the intermediate layers, negatively impacting
feature-level knowledge distillation (KD). To address this issue,
we employ a diffusion model to denoise the student features for
KD (DenoKD). This approach enables more effective feature-level
distillation. Our method, trained with a small ECAPA-TDNN,
achieved a 13% improvement over the baseline on the VoxCeleb1-
O test set. Further more, the DenoKD mechanism is found to be
effective for SV on short test utterances.

Index Terms—Speaker verification, knowledge distillation, dif-
fusion models, short-utterance, pre-trained speech models

I. INTRODUCTION

Speaker verification (SV) plays a crucial role in various
domains, such as biometric authentication, e-banking, and
access control. By leveraging sophisticated models [1]-[4],
large datasets [5], [6], and carefully designed loss functions
[7]-[9], SV systems have achieved excellent performance. In
recent years, researchers have leveraged features extracted
from large-scale pre-trained automatic speech recognition
(ASR) models [10]-[12] and fed the features into speaker
embedding networks, achieving state-of-the-art results [13],
[14]. However, these models are computationally expensive
and have a large number of trainable parameters, making them
difficult to deploy on edge devices [15], [16].

Knowledge distillation (KD) [17] is a learning process
that allows a lightweight student model to mimic a more
powerful teacher model so that the student model can achieve
performance close to the teacher model. In SV, knowledge
can be distilled at the feature level [18], [19] and the label
level [15]. The former enables the student network to mimic
the behaviors of the teacher network by reducing the distance
between the intermediate layer’s outputs of the two networks.
The latter minimizes the Kullback-Leibler (KL) divergence
between the output probabilities of the teacher and student
networks.

In [18], the author demonstrated that minimizing the mean
square error (MSE) and cosine distance between the em-
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Fig. 1: Forward and denoise processes of a diffusion model.

beddings of the teacher and student models from the same
utterance is an effective distillation method. The author in [19]
distilled the complex capabilities of an ASR Conformer [20]
into an SV model and demonstrated that distillation between
the student and teacher models on frame-level features is also
effective. Truong et al. [15] applied decoupled KD [21] at the
label level and enhanced the non-target speakers’ information
to achieve effective distillation in SV. The authors in [16] ex-
tended Troung et al.’s work by sorting the output probabilities
and dividing the sorted list into head and tail groups.

The methods above overlook an important issue in knowl-
edge distillation: how to transfer knowledge from the teacher
to the student by matching the intermediate features. Due to
the difference in the teacher’s and student’s capacity, there
is a significant discrepancy between the features extracted at
the frame-level layers of the teacher and the student [19].
By the same token, a large discrepancy also exists between
the features extracted from their embedding layers. These
discrepancies make the feature-level knowledge distillation
less effective (as demonstrated in Section IV).

Following the idea of diffusion knowledge distillation [22],
we consider the features extracted from the student a noisy
version of the teacher and apply a diffusion model to denoise
the student’s features [23]. As shown in Fig. 1, the diffusion
model contains two processes: a diffusion process where noise
is gradually added to the clean image and a reverse process
where the model learns to reconstruct the clean image. We use
the teacher model’s outputs as clean data to train the diffusion
model. Then, we feed the student features into the reverse
process for denoising, obtaining refined student features that
align well with the original teacher features for feature-level
KD. We refer to the method as DenoKD.

We use a lightweight diffusion model and reduce the number
of denoising steps to minimize computational cost. We apply
DenoKD to both the frame-level features and the speaker
embeddings. Due to the lower dimensionality of the speaker
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Fig. 2: Process of DenoKD at (a) the frame level and (b) the embedding level.

embeddings, the embedding-level DenoKD incurs only a small
additional computational cost. Our contributions are summa-
rized as follows:

1) We proposed a DenoKD framework that employs a
diffusion model to denoise the student features for SV.
To the best of our knowledge, this is the first attempt to
use a diffusion model to bridge the gap between teacher
and student models in SV.

2) Our experiments demonstrate that DenoKD is resource-
friendly and effective for both frame-level features and
speaker embeddings, and it also enhances performance
on short-duration utterances.

II. METHODOLOGY
A. Diffusion Model

A diffusion model [23] works by gradually adding noise to
the data in each step of a diffusion process and then learns to
reverse this process to recover the original data, effectively
transforming random noise into meaningful samples. The
diffusion process is typically modeled as a Markov chain,
where the transition at step ¢ (¢ € {0,1,...,T}) is described
by

q(x¢|xi-1) = N(x¢; Varxe—1, (1 — o)), (1)
where xg is a given clean data and 7" is the number of steps
in the diffusion process. N(-) denotes a normal distribution,
and oy = 1 — 3, with 3; being the variance at the ¢-th step.
The transition from xg to x; can be expressed as

Q(Xt|xo) = N(Xt7 \/EXOJ (1 - dt)I)a (2)

_ t .
where a; = [[,_ a;. Therefore, we can express x; as a linear
combination of x( and noise variable €; € N (0,1):

x; = Vauxo + V1 — ae. 3)

In the reverse process, we start from x7 ~ N(0,I) and
gradually denoise it to reconstruct the clean data xg. The
reverse process can be expressed as:

po(xi—1]x¢) = N(x4—1; Py(x¢, 1), 071). “)

The reverse process requires a noise estimation model
®y(x¢,t), which is designed to predict the noise present
in x; relative to xg. The term af represents the transition
variance in DDIM [24], which helps speed up the denoising
process. Instead of progressing step by step from x; to xq,
DDIM allows us to take larger steps from xp to Xg, i.e.,
X7 — X7_A — -+ — Xg, wWhere the sampling interval is
A.

The diffusion model can be trained by minimizing the MSE
between the added noise and the predicted noise.

Litr = ||€t - ‘I’G(Xt,t)H% )

B. Denoising Student Features

In knowledge distillation, due to the difference in the
capacity of the teacher and student, the student may not be
able to acquire the full knowledge from the teacher, causing
noise in the student’s features. To address this issue, we use a
diffusion model trained on the teacher features to denoise the
student model’s output features and perform feature-level KD
between the original teacher features and the refined student
features.

As shown in Fig. 2, we use a diffusion model to denoise the
student features at the frame and embedding levels, respec-
tively. For the frame-level DenoKD, we denoise the student
features F’S using a diffusion model trained with teacher
features F'7, where 7 and S represent the teacher and student
model, respectively. We start the diffusion process from F7
through ¢(F] |F”) using Eq. 2, and we perform the reverse
process in the form pg(F]_,|F] ) using Eq. 4. Then, we train
the diffusion model using Eq. 5.

In the denoising phase, we feed the student features FS to
a linear layer to match its feature dimension with the input of
the diffusion model, i.e., the dimension of F7. We also use
a noise adapter to ensure that the noise level of the student
features matches that of the noisy features at the initialization



step T'. This is achieved by learning a weight parameter -~y
such that _s

Fp=9F° + (1= 7)er. (©)
The 5 0!
po(F,_||F,) in Eq. 4. After denoising, we obtain the refined

student features are denoised using the process

student features F' .

The process of embedding-level DenoKD is similar to the
frame-level DenoKD. The difference is that the denoised
student features used for feature-level knowledge distillation

are speaker embeddings és.

C. Knowledge Distillation with Denoised Student Features

As shown in Fig. 2, knowledge is transferred by minimizing
the MSE between the refined student features and the original
teacher features.

~S
£Feature-KD = ||F - FTH% (7)

To enhance performance, we applied label-level KD by
minimizing the Kullback-Leibler (KL) divergence between the
student’s and teacher’s output probability distributions:

c T
Lravexp = KL(p” ||p°®) = sz—log%, (®)
i=1 i

where p” and p® denote the output probabilities of the teacher
and student networks, respectively, and C' is the number of
speakers in the training set. The total loss is defined as follows:

‘Ctotal = ‘CFeature—KD + ELabel—KD + ACdiicf + £C187 (9)

where L5 is the classification loss calculated with the ground
truth labels, such as AAMSoftmax loss [25].

III. EXPERIMENTAL SETUP
A. Datasets

Our models were trained on the VoxCeleb2 [5] development
set, which includes 1,092,009 utterances from 5,994 speakers.
We followed the data augmentation strategy outlined in Kaldi’s
recipes [26], i.e., adding noise, music, and babble to the
training data using MUSAN [27] and creating reverberated
speech data based on RIR [28]. For evaluation, the VoxCelebl
[29] test set (Vox1-O), which comprises 40 speakers, was used
as the evaluation set. To test performance on short-duration
utterances, we randomly cropped the test audio into 2s, 3s,
and 4s for testing.

B. Network Training

For the student model, we used ECAPA-TDNN [4] with
512 channels, and the speaker embedding dimension was set
to 192. For the teacher model, we used the same configuration
as in [15], using WavLM large [12] as the frame-level feature
extractor.! The dimension of the teacher model’s speaker
embedding is 256. For frame-level DenoKD, to reduce the
computational cost, we used a lightweight diffusion model

Uhttps://github.com/microsoft/UniSpeech/tree/main/downstreams/speaker_
verification

consisting of two bottleneck blocks of ResNet [3] and a
convolutional layer. The noise adapter has one bottleneck
block of ResNet, an average pooling layer, and a linear layer
with one output node. All convolutional layers implement
1D convolution. For embedding-level DenoKD, the diffusion
model contains three stacked-layers, each comprising a con-
volutional, a batch-normalization, and an activation layer. The
embedding-level noise adapter contains two stacked-layers and
a linear layer.

For the student model, we extracted 80-dimensional filter-
bank (Fbank) features from 16 kHz audio signals using a
25ms window with a 10ms frameshift. The batch size was
set to 256. We used the AdamW optimizer with a cosine
annealing learning-rate scheduler, and a linear learning-rate
warm-up scheduler was applied during the first 5 epochs.
We used AAM-Softmax loss as the classification loss in all
experiments. The AAMSoftmax loss has a scale of 32 and a
margin scheduler. The margin was initially set to O for the first
20 epochs. It was exponentially increased to 0.2 in the next 20
epochs and was kept constant thereafter. We utilized DDIM
[24] as the noise scheduler in the diffusion process. The final
step count 7" for adding noise in the diffusion process was set
to 1000. In the denoising process, the initial timestep was set
to 500. We used a cosine backend in all experiments.

C. Evaluation Metrices

The performance metrics include equal error rate (EER) and
minimum detection cost function (minDCF) with Piyrger =
0.01. All experiments and tests were conducted based on the
3D-Speaker toolkit [30].2

IV. RESULTS AND DISCUSSIONS

A. Main Results

Table I shows the performance of various KD methods on
Vox1-O using the full duration of the test utterances and the
cropped utterances with various durations. Comparing Row 2
with Row 3, we observe that combining L5 with Lyapel. KD
outperforms that using L5 only. However, there is no signif-
icant performance improvement when further incorporating a
frame-level KD, which can be observed by comparing Row
3 with Row 5. A similar observation is shown (Row 3 and
Row 4) when an embedding-level KD is included. These
observations suggest that using noisy student features directly
for feature-level KD is not effective.

Comparing Row 7 and Row 3, we observe that the
embedding-level DenoKD enhances performance by 10% on
the full duration of test utterances. The best result was
achieved when frame-level denoising was applied, with an im-
pressive EER of 0.78% on VoxCelebl1-O, representing a 13%
improvement compared to the 5-th row. This demonstrates
that DenoKD can enhance the effectiveness of feature-level
knowledge distillation. We observe that DenoKD consistently
outperforms all other KD combinations in cases where short

Zhttps://github.com/modelscope/3D- Speaker



TABLE I: Performance of different KD methods on the VoxCeleb1-O using test utterances of different durations.

System Ro Distillation Full 4s 3s 2s
y W Method EER(%) minDCF [EER(% ) minDCF|EER(% ) minDCF [EER(% ) minDCF
Teacher model
WavLM-TDNN [12] ! B 0.43 B B B B B B -

2 - 1.02 0.106 1.41 0.162 2.26 0.257 4.20 0.396
3 KD (label) 0.90 0.098 1.22 0.154 1.60 0.194 3.02 0.326

Student model 4 KD (label + embedding) 0.90 0.104 1.23 0.130 1.74 0.193 2.99 0.337

ECAPA-TDNN 5 KD (label + frame) 0.88 0.103 1.19 0.160 1.64 0.188 3.00 0.302
6 DKD 0.84 0.109 1.18 0.160 1.72 0.217 3.13 0.350
7 |DenoKD (label + embedding)| 0.82 0.097 1.11 0.125 1.53 0.201 2.86 0.319
8 DenoKD (label + frame) 0.78 0.104 1.07 0.133 1.53 0.192 2.77 0.338

(a) (b) (2) (b)

Fig. 3: t-SNE feature learned by (a) KD and (b) DenoKD.

test utterances are considered. This indicates that DenoKD en-
hances the student model’s robustness to short audio segments.
Additionally, we reproduced the recent state-of-the-art method
DKD [21]. By comparing these two methods, we found that
DenoKD outperforms DKD in both full-duration and short-
duration scenarios, demonstrating its effectiveness.

We used the student model trained with DenoKD and KD
to extract speaker embeddings and used t-SNE to visualize
them, as shown in Fig. 3. We selected 10 speakers from the
VoxCelebl-dev set, each having 30 utterances. According to
Fig. 3, DenoKD generally presents higher cluster compactness
and fewer outliers compared with KD. In particular, KD
exhibits one incorrect cluster assignment, highlighted with a
red circle; on the other hand, such an error does not occur in
DenoKD.

B. Impact of Number of Denoising Steps

For diffusion models, the number of denoising steps is a
crucial hyperparameter that impacts performance and compu-
tation cost. We conducted experiments using embedding-level
DenoKD with varying number of denoising steps, as shown
in Fig. 4. Notably, when the number of denoising steps was 0,
diffusion model was not applied. The performance is worse
when the diffusion model is not used. When the diffusion
model is applied, using 5 denoising steps yields the best results
on the full-length test utterances. However, as the number of
denoising steps increases to 15, the system shows improved
performance on short-duration test utterances. Additionally, as
the number of denoising steps increases, the training time also

Fig. 4: (a) The EER performance and (b) training time per
batch using different numbers of denoising steps in the reverse
diffusion process.

TABLE II: Effect of using Noise Adapter in DenoKD.

Distillation Method |Noise Adapter|EER (%) | minDCF

DenoKD (label + embedding) ‘)/( 3183; 8(1)33

rises. However, compared to not using the diffusion model,
setting a small number of denoising steps results in only a
minimal increase in training time.

C. Effect of Noise Adapter

To validate the effectiveness of the noise adapter, we con-
ducted experiments using DenoKD with and without the noise
adapter. As shown in Table II, DenoKD performs better with
the noise adapter.

V. CONCLUSIONS

In this paper, we employ a diffusion model trained on the
teacher features to denoise the student features for knowledge
distillation (DenoKD). By treating the student features as a
noisy version of the teacher features and using a diffusion
model for multi-step denoising, we obtained refined student
features that better align with the teacher features, facilitating
feature-level knowledge distillation. Additionally, our experi-
ments demonstrate that DenoKD is effective for both frame-
based and speaker-embedding KD, and it can improve the
student model’s performance on short test utterances.
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