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A B S T R A C T

Knowledge Distillation (KD) aims to transfer knowledge from a high-capacity teacher model to a lightweight
student model, thereby enabling the student model to attain a level of performance that would be unattainable
through conventional training methods. In conventional KD, the loss function’s temperature that controls the
smoothness of class distributions is fixed. We argue that distribution smoothness is critical to the transfer
of knowledge and propose an adversarial adaptive temperature module to set the temperature dynamically
during training to enhance the student’s performance. Using the concept of decoupled knowledge distillation
(DKD), we separate the Kullback–Leibler (KL) divergence into a target-class term and a non-target-class term.
However, unlike DKD, we adversarially update the temperature coefficients of the target and non-target classes
to maximize the distillation loss. We named our method Adversarially Adaptive Temperature for DKD (AAT-
DKD). Our approach demonstrates improvements over KD methods across three test sets of Voxceleb1 for two
student models (x-vector and ECAPA-TDNN). Specifically, compared to the traditional KD and DKD, our method
achieves a remarkable reduction of 17.78% and 11.90% in EER using ECAPA-TDNN speaker embedding.
Moreover, our method performs well on CN-Celeb and VoxSRC21, further highlighting its robustness and
effectiveness across different datasets.
1. Introduction

With the development of deep neural networks, numerous high-
performance network architectures have been applied to automatic
speaker verification (ASV) and have achieved excellent performance.
These architecture include x-vector [1], ResNet [2], ECAPA-TDNN [3],
and CAM++ [4]. Additionally, many researchers have employed large
self-supervised models (Wav2vec 2.0 [5], HuBERT [6], and WavLM [7])
to extract frame-based speech features for downstream ASV and au-
tomatic speech recognition (ASR) tasks. In many cases, speaker em-
bedding networks using features from these large models outperform
the networks that use Mel-Frequency Cepstral Coefficients (MFCCs)
or filterbank features [8–10]. However, powerful networks typically
demand more computation and memory resources, making deployment
difficult. Knowledge Distillation (KD) [11] offers a solution to this
problem. KD allows a lightweight student model to mimic a more
powerful teacher model through the process of knowledge distillation,
enabling the student model to inherit performance close to the teacher
model.

A speaker embedding neural network consists of three parts. The
first part is an encoder, which transforms the input speech signal
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into frame-level features. This is followed by a temporal aggregation
layer [12–14] that combines these frame-level features into a con-
densed representation of the entire input sequence. In the final stage of
the neural network, a decoder is responsible for mapping the utterance-
level representations to speaker classes [15–17]. The decoder is built
from a series of fully connected layers, including a bottleneck layer that
plays a key role in extracting the speaker embeddings.

In ASV, knowledge distillation between the teacher and student
embedding networks can be done at two different levels: embedding
level [18,19] and label level [20,21]. The former endeavors to align the
student’s intermediate features with those of the teacher in the embed-
ding space. The latter minimizes the Kullback–Leibler (KL) divergence
between the output distributions of the teacher and student networks
with a fixed temperature.

In [20], the authors discovered the importance of non-target speak-
ers in KD and used the idea of decoupled knowledge distillation
(DKD) [22] to emphasize the class probabilities of non-target speakers.
The authors of [21] used a similar strategy, but the class probabilities
were divided into top-𝐾 and non-top-𝐾 groups rather than the target
and non-target parts.
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The methods above use a constant temperature during training,
ypically with a default value of 1.0 in SV. The temperature, which

regulates the smoothness of the output distributions from both the
teacher and student networks, plays a crucial role in determining the
effectiveness of knowledge distillation [11]. Using a fixed temperature

ay not be suitable throughout all stages of training. Therefore, we
aim to adapt the temperature so that it can adjust to different training
stages.

However, when directly adapting the temperature, it quickly con-
verges to a value that deviates far from the reasonable range, making
his approach ineffective (as demonstrated in Section 5.2). In [23],

the authors used adversarial training to adapt the temperature and
obtained remarkable performance. Inspired by this strategy, we propose
an Adversarially Adaptive Temperature for DKD (AAT-DKD) to enable
the model to adapt the temperatures adversarially under the DKD
framework. The temperatures are adapted through reversal gradient
descent during the training of the student network, aiming to maximize
the distillation loss between the teacher and student.

Unlike using a fixed reversal coefficient in the Gradient Reversal
ayer (GRL) [23,24], we introduce a dynamic reversal coefficient that
aries with each mini-batch, depending on the overall sample quality of
he mini-batch. In our method, the target probability from the teacher
odel is used to determine its sample quality and control the degree

f contribution to adversarial learning. Therefore, using a dynamic
eversal coefficient strengthens the contribution of high-quality samples
nd reduces the effect of low-quality ones, which benefits learning more
obust speaker embeddings.

On the other hand, in DKD, the distributions of target-speaker
knowledge distillation (TSKD) and non-target-speaker knowledge dis-
tillation (NSKD) are different. Therefore, using the same temperature
or both KDs is unreasonable. To address this issue, we use separate

temperatures for TSKD and NSKD.
Our contributions are summarized as follows:

1. We propose an Adversarially Adaptive Temperature for the DKD
framework, allowing the student and teacher to adapt the tem-
perature parameters. To the best of our knowledge, it is the first
attempt to make the temperature parameters in KD learnable in
ASV.

2. In the process of adversarial learning, we replace the constant
reversal coefficient with a dynamic one that varies according to
the quality of the mini-batch samples.

3. We integrate our method into the state-of-the-art knowledge
distillation framework, DKD, and set different learnable temper-
atures for different parts of DKD.

4. We demonstrate the effectiveness and robustness of our method
through extensive experiments on diverse datasets, including
Voxceleb, VoxSrc 2021, and CN-Celeb.

5. To better demonstrate the generalizability of our method, we
also validated it on the image classification task using the CIFAR-
100 dataset.

2. Related works

Knowledge distillation (KD) was initially proposed in [11]. Its pur-
ose is to transfer the knowledge from a pre-trained teacher model
o a more lightweight student model. Traditional KD achieves this by
atching the output distributions of the teacher and student models.
nabling a student model to learn from a high-capacity teacher model
an significantly improve the performance of the student model.

In recent years, KD has been widely applied to ASV. For instance,
ruong et al. [20] applied label-level DKD [22] to emphasize non-

target speaker information during distillation and achieved promising
results. In [25], a self-knowledge distillation framework was proposed.
It utilizes an auxiliary self-teacher network to distill its own refined
nowledge without the need of a pre-trained teacher network. In [26],
2 
a cross-modal knowledge distillation framework was proposed, where a
more discriminative face recognition model was utilized as a teacher to
guide a speech model to improve ASV performance. In [27], the authors
explored a combination of Knowledge Distillation and Random Erasing
data augmentation to enhance the generalization ability and robustness
of text-dependent speaker verification systems.

To achieve embedding-level KD, the authors in [18] minimized the
ean square errors and cosine distances between the embeddings of

he same utterance from the teacher and student networks. The authors
in [19] extended the idea in [18] to the contrastive loss that pulls the
tudent’s and teacher’s embeddings of the same utterance together and
ushes their embeddings from different utterances apart.

In self-supervised learning, there are numerous knowledge
distillation-based methods, such as distillation with no label (DINO)
[28], which distills information from the teacher network to the student
etwork using positive sample pairs. In [29], the authors improved

DINO’s performance by introducing distillation between the same
global views of each sample. In [30], the authors adopted multi-mode
knowledge distillation to further improve the ASV performance by
introducing multi-head projection layers. In [31], the authors proposed
 prototype division strategy to iteratively refine prototypes in the

projection space, addressing the fixed and insufficient prototype issue
in DINO for ASV.

Despite their promising performance, the methods mentioned above
et the temperature parameter to a fixed value. In [32], it was re-

ported that a low temperature causes the distillation to focus on the
teacher model’s highest logit. In contrast, a high temperature flattens
he distribution, making the distillation pay attention to all the logits.
he study in [33] also demonstrated that altering the temperature

can affect the effectiveness of knowledge distillation. Therefore, us-
ing a fixed temperature for KD is not an ideal solution. The study
in [23] employed adversarial learning to allow the model to adapt the
temperature parameter, achieving good results in image classification.
Inspired by this, we also adopted an adversarial learning approach to
make the temperature parameter adaptive. However, one difference be-
tween [23] and our proposed method is that we additionally introduce
 dynamic adversarial factor to regulate the intensity of adversarial
earning, accounting for the quality of individual samples. Furthermore,
ased on the popular DKD framework, we use separate temperatures to
etter adapt the distributions of different parts of DKD.

3. Methodology

3.1. Conventional knowledge distillation

Consider a 𝐶-way classification task and define the dataset as  =
{(x, 𝑦)}, where x is a speech signal after data augmentation and 𝑦 is
the corresponding label. After feeding x into the teacher and student
models, we obtain the logits vector q ∈ R𝐶 and q ∈ R𝐶 , where 
and  represent the teacher and student models, respectively. Take the
teacher as an example, the posterior probability of the i-th class is

𝑝𝑖 = 𝑒𝑞

𝑖 ∕𝜏

∑𝐶
𝑗=1 𝑒

𝑞𝑗 ∕𝜏
, 𝑖 = 1, 2,… , 𝐶 , (1)

where 𝜏 is a temperature parameter controlling the smoothness of
the posterior distribution. KD transfers knowledge from a large frozen
teacher model to a small student model by minimizing the KL di-
vergence between the probability outputs of the teacher and student
models:

𝐿K D =
𝐶
∑

𝑖=1
𝑝𝑖 log

(

𝑝𝑖
𝑝𝑖

)

. (2)

Notably, all the losses in this paper are sample-wise.
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Fig. 1. Schematic of the proposed Adversarially Adaptive Temperature for DKD (AAT-DKD). TSKD stands for Target Speaker Knowledge Distillation, and NSKD stands for Non-Target
Speaker Knowledge Distillation. 𝜆 is set to 1.0 during the forward pass, and it follows Eq. (14) during backpropagation. For notational simplicity, we have omitted the classification
loss.
3.2. Decoupled knowledge distillation

For decoupled knowledge distillation (DKD), we separate the predic-
tions into a target and a non-target groups. We define b = {𝑝𝑡, 𝑝\𝑡} ∈ R2

to represent the probabilities of the target and non-target groups:

𝑝𝑡 =
𝑒𝑞𝑡∕𝜏

∑𝐶
𝑗=1 𝑒

𝑞𝑗∕𝜏
, 𝑝\𝑡 =

∑𝐶
𝑘=1,𝑘≠𝑡 𝑒

𝑞𝑘∕𝜏

∑𝐶
𝑗=1 𝑒

𝑞𝑗∕𝜏
, 𝑡 ∈ {1,… , 𝐶}. (3)

The probability of a non-target speaker 𝑖 ≠ 𝑡 over all non-target
speakers is defined as:

𝑖̂ =
𝑒𝑞𝑖∕𝜏

∑𝐶
𝑗=1,𝑗≠𝑡 𝑒

𝑞𝑗∕𝜏
, 𝑖 ∈ {1,… , 𝑡 − 1, 𝑡 + 1,… , 𝐶}. (4)

The original KD loss in Eq. (2) can be split into the target speaker and
non-target speaker parts:

𝐿K D = 𝑝𝑡 log

(

𝑝𝑡
𝑝𝑡

)

+
𝐶
∑

𝑖=1,𝑖≠𝑡
𝑝𝑖 log

(

𝑝𝑖
𝑝𝑖

)

. (5)

According to Eqs. (3) and (4), we have 𝑝𝑖 = 𝑝̂𝑖×𝑝\𝑡. Thus, we can rewrite
Eq. (5) as

𝐿K D = 𝑝𝑡 log

(

𝑝𝑡
𝑝𝑡

)

+
𝐶
∑

𝑖=1,𝑖≠𝑡
𝑝\𝑡𝑝̂


𝑖 log

(

𝑝\𝑡𝑝̂

𝑖

𝑝\𝑡𝑝̂

𝑖

)

= 𝑝𝑡 log

(

𝑝𝑡
𝑝𝑡

)

+
𝐶
∑

𝑖=1,𝑖≠𝑡
𝑝\𝑡𝑝̂


𝑖 log

(

𝑝̂𝑖
𝑝̂𝑖

)

+
𝐶
∑

𝑖=1,𝑖≠𝑡
𝑝\𝑡𝑝̂


𝑖 log

(

𝑝\𝑡
𝑝\𝑡

)

.

(6)

Because 𝑝\𝑡 and 𝑝\𝑡 are independent of 𝑖 and ∑𝐶
𝑖=1,𝑖≠𝑡 𝑝̂


𝑖 = 1, we can

simplify Eq. (6) to

𝐿K D = 𝑝𝑡 log

(

𝑝𝑡
𝑝𝑡

)

+ 𝑝\𝑡 log

(

𝑝\𝑡
𝑝\𝑡

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝐿TSK D

+ 𝑝\𝑡

𝐶
∑

𝑖=1,𝑖≠𝑡
𝑝̂𝑖 log

(

𝑝̂𝑖
𝑝̂𝑖

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(1−𝑝𝑡 )𝐿NSK D

, (7)

where 𝑝\𝑡 = 1 − 𝑝𝑡 . The first two terms of Eq. (7) constitute the
target speaker KD (TSKD) loss and the last term denotes the non-target
3 
speaker KD (NSKD) loss.
Since the teacher is a well-trained model, the value of 𝑝𝑡 tends

to be relatively large, typically approaching 1.0. This phenomenon
could suppress the NSKD part in the total loss in Eq. (7). Therefore,
we decoupled the knowledge distillation by replacing (1 − 𝑝𝑡 ) with a
hyperparameter 𝛾 as follows:

𝐿DK D = 𝑝𝑡 log

(

𝑝𝑡
𝑝𝑡

)

+ 𝑝\𝑡 log

(

𝑝\𝑡
𝑝\𝑡

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝐿TSK D

+𝛾
𝐶
∑

𝑖=1,𝑖≠𝑡
𝑝̂𝑖 log

(

𝑝̂𝑖
𝑝̂𝑖

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝐿NSK D

. (8)

3.3. Adversarially adaptive temperature for decoupled knowledge distilla-
tion

In previous works [20,25,34], 𝜏 was usually set to 1.0. However,
a fixed 𝜏 is not suitable for all training stages, which can reduce
the model’s generalization ability. To address this limitation, we treat
𝜏 as a variable predicted by a function with learnable parameters.
Additionally, we use different temperatures 𝜏TSK D and 𝜏NSK D for TSKD
and NSKD, respectively.

The overall process is shown in Fig. 1. The temperatures 𝜏TSK D, and
𝜏NSK D are predicted from a function parameterized by learnable 𝜃TSK D
and 𝜃NSK D, respectively:
𝜏TSK D = 𝛼1 + 𝛼2(𝜎(𝜃TSK D))
𝜏NSK D = 𝛼1 + 𝛼2(𝜎(𝜃NSK D)),

(9)

where 𝜎(⋅) is the sigmoid function. We use two hyperparameters, 𝛼1 and
𝛼2, to ensure the non-negativity of 𝜏TSK D and 𝜏NSK D and set their range
to [𝛼1, 𝛼1 + 𝛼2].

Inspired by GANs [23,24], we propose to adversarially learn the
parameters 𝜃TSK D and 𝜃NSK D, which predict suitable temperatures 𝜏TSK D
and 𝜏NSK D by using Eq. (9). We define 𝐿AAT−DK D in the same form
as Eq. (8). However, unlike 𝐿DK D, it employs different temperatures
for 𝐿TSK D and 𝐿NSK D. These temperatures are derived through Eq. (9),
using learnable parameters 𝜃TSKD and 𝜃NSKD. The student module 𝛷st u
and the two learnable parameters 𝜃 and 𝜃 play a min–max
TSK D NSK D
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game with the following equation:
min
𝛷st u max

𝜃TSK D ,𝜃NSK D𝐿AAT−DK D(x;𝛷st u, 𝜃TSK D, 𝜃NSK D)

= min
𝛷st u max

𝜃TSK D ,𝜃NSK D𝐿TSK D(x;𝛷st u, 𝜃TSK D)

+ 𝛾 𝐿NSK D(x;𝛷st u, 𝜃NSK D).

(10)

The total loss is the sum of the knowledge distillation loss and classifi-
ation loss:

𝐿 = 𝐿cls + 𝛽 𝐿AAT−DK D, (11)

where 𝐿cls is the classification loss such as the AAMSoftmax loss [35],
calculated with the ground truth labels. 𝛽 is a parameter that bal-
ances the classification loss and the knowledge distillation loss. The
parameters of the student network 𝛷st u are updated as follows:

𝛷st u ← 𝛷st u − 𝜂
𝜕
∑

x∈ 𝐿(x)
𝜕 𝛷st u

, (12)

where  comprises the sample in a mini-batch, and 𝜂 is a constant
earning rate.

3.4. Dynamic reversal coefficient in adversarial learning

To implement AAT-DKD, we learn the parameters 𝜃TSK D and 𝜃NSK D
in Eq. (9) adversarially. Adversarial learning is achieved by performing
gradient ascent on 𝐿TSK D and 𝐿NSK D in Eq. (10) with respect to 𝜃TSK D
nd 𝜃NSK D, respectively. Specifically, we have

𝜃TSK D ← 𝜃TSK D + 𝜂 𝛽 𝜆
∑

x∈

𝜕(𝐿TSK D(x))
𝜕 𝜃TSK D

,

NSK D ← 𝜃NSK D + 𝜂 𝛽 𝜆𝛾
∑

x∈

𝜕(𝐿NSK D(x))
𝜕 𝜃NSK D

,
(13)

where 𝜆 is a parameter controlling the strength of adversarial learning.
n previous work [23], 𝜆 was fixed, meaning that the strength of

adversarial learning depends on the total gradient in the mini-batch
(because 𝜂, 𝛽, and 𝛾, are fixed hyperparameters.). Due to the varying
quality of samples in a mini-batch, the strength of adversarial learning
should also be dynamically adjusted. To implement this, we define 𝜆 to
be dependent on the overall quality of a mini-batch as follows:

𝜆 = 1
𝐵

𝐵
∑

𝑗=1
𝑝𝑡,𝑗 , 𝑡 ∈ {1,… , 𝐶}, (14)

where 𝐵 is the batch size, 𝑡 denotes the target class for sample 𝑗,

and 𝑝𝑡,𝑗 = 𝑒
𝑞𝑡,𝑗

∑𝐶
𝑘=1 𝑒

𝑞𝑘,𝑗
. It is worth noting that for the calculation of

𝑝𝑡,𝑗 , we use a constant temperature of 1.0. 𝑝𝑡,𝑗 to some extent can
eflect the quality of the 𝑗-th sample [22]. For example, a high target

probability indicates that the corresponding sample is of high quality
and its contribution to adversarial learning will be large. Conversely,
a low target probability suggests a challenging sample. In this case,
the contribution of this sample to adversarial learning will be small to
prevent excessive adversarial training.

4. Experimental setup

4.1. Datasets

We utilized the VoxCeleb2 development [36] set comprising 5994
peakers as the training set. For evaluation, we employed the test sets

from VoxCeleb1 [37], i.e., Vox-O, Vox-E, and Vox-H. Vox-O consists of
7,611 trials from 40 speakers. Vox-E, which utilizes the entire dataset,
omprises 579,818 trials from 1251 speakers. Vox-H is a challenging
valuation set, containing 550,894 pairs sampled from 1190 speakers
n VoxCeleb1. VoxCeleb1 and VoxCeleb2 are multilingual, but the
ajority of utterances were spoken in English. We also tested the
erformance of various systems on the VoxSRC 2021 dataset. Since
he labels of the VoxSRC 2021 test set are not publicly available,
4 
we used the validation set (VoxSRC21-val), which contains 60,000
evaluation trials from VoxCeleb1. This dataset is commonly used to test
the robustness of speaker verification systems.

To further demonstrate the effectiveness of our method, we con-
ducted experiments on the CN-Celeb [38] dataset, a multi-genre Man-
darin corpus collected from Chinese open media. We used the devel-
opment set from CN-Celeb1 and CN-Celeb2 as the training set, which
comprise 2793 speakers. The test set is the CN-Celeb evaluation set
(CN-eval), which contains 18,000 utterances from 196 speakers.

We followed the data augmentation strategy in Kaldi’s recipes [39].
Specifically, we added noise, music, and babble to the training data
sing MUSAN [40] and created reverberated speech using the RIR
ataset [41].

To demonstrate the generalizability of our approach, we performed
experiments on the image classification task using the CIFAR-100
dataset. This dataset comprises natural images with a resolution of
32 × 32 pixels. It includes 50,000 training images and 10,000 test
images. For the image classification task, we did not apply any data
augmentation techniques, such as cropping, flipping, or rotation.

4.2. Teacher and student models

For the experiments on VoxCeleb, to maintain consistent with [20],
we used the same teacher model as in [20], combining WavLM-
large [7] with ECAPA-TDNN [3].1 For the experiments on CN-Celeb,
to maintain the same number of parameters in the teacher model, we
continued using the WavLM-large with ECAPA-TDNN configuration.
We used the WavLM pre-trained model, as in [20], to extract features,
and we trained ECAPA-TDNN on the development set from CN-Celeb1
and CN-Celeb2 sets. For the experiments on CIFAR-100, we used an
ResNet50 as the teacher model.

We utilized two different architectures for the ASV student model:
 standard x-vector [1] and an ECAPA-TDNN with 512 channels (a
maller version of ECAPA-TDNN). We used a cosine backend in all
SV experiments. For image classification, we used a ResNet18 as the
tudent model.

4.3. Network training

For VoxCeleb, during training, each speech signal was randomly
cropped into 2 s and augmented with a probability of 0.6. For CN-Celeb,
each audio waveform was randomly cropped into 3 s and augmented
with a probability of 0.8. After augmentation, 80-dimensional filter
bank (Fbank) features were extracted using a frame length of 25 ms
and a frameshift of 10 ms. These Fbank features were then fed into the
student model, while the augmented raw waveform was fed into the
teacher network.

For the classification loss, we utilized the AAMSoftmax [15] with a
scale of 32 and a margin scheduler, where the margin was 0 for the
first 20 epochs and exponentially increased to 0.2 over the next 20
epochs, after which it remained constant. For the knowledge distillation
loss, we followed [20], and set the value of 𝛾 to 2.0. We adopted the
same strategy as in [20], where 𝛽 was linearly increased from 0.05 to 1
during the first 20 epochs and remained constant. We employed an SGD
optimizer to optimize the student model. A linear learning rate warmup
was employed during the first 6 epochs, increasing the learning rate
from 5e−4 to 0.15. We set 𝛼1 to 0.25 and 𝛼2 to 5. The batch size was
set to 512 for training the x-vector network and 256 for training the
ECAPA-TDNN.

For CIFAR-100 experiments, we used a SGD optimizer with a learn-
ing rate of 0.1, momentum of 0.9, and weight decay of 5e−4. A cosine
annealing learning rate scheduler was applied, with a maximum of 150
epochs and a minimum learning rate of 0.001.

1 https://github.com/microsoft/UniSpeech/tree/main/downstreams/
speaker_verification

https://github.com/microsoft/UniSpeech/tree/main/downstreams/speaker_verification
https://github.com/microsoft/UniSpeech/tree/main/downstreams/speaker_verification
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Table 1
Results on the VoxCeleb1 and VoxSRC21-val test sets. ‘‘–’’ denotes using the classification loss only.

System # Params Distillation Vox1-O Vox1-E Vox1-H VoxSRC21-val

(M) method EER (%) minDCF EER (%) minDCF EER (%) minDCF EER (%) minDCF

Teacher model 316.62 – 0.431 – 0.538 – 1.154 – – –WavLM-TDNN [7]

4.39 – 2.06 0.190 1.99 0.213 3.33 0.317 5.60 0.419
Student model 4.39 KD 1.71 0.165 1.72 0.187 2.98 0.284 4.93 0.414
x-vector 4.39 DKD 1.53 0.168 1.56 0.173 2.79 0.261 4.96 0.415

4.39 AAT-DKD 1.47 0.174 1.52 0.170 2.74 0.257 4.46 0.404

7.00 – 1.02 0.106 1.15 0.129 2.22 0.221 4.26 0.384
Student model 7.00 KD 0.90 0.098 0.99 0.117 1.96 0.195 4.01 0.351
ECAPA-TDNN 7.00 DKD 0.84 0.109 0.96 0.116 1.98 0.200 3.86 0.334

7.00 AAT-DKD 0.74 0.108 0.94 0.112 1.93 0.190 3.76 0.344
Table 2
Results on CN-Celeb evaluation set. ‘‘–’’ denotes using the classification loss only.
System # Params Distillation CN-eval

(M) method EER (%) minDCF

Teacher model 316.62 – 7.33 0.421WavLM-TDNN [7]

4.39 – 9.40 0.502
Student model 4.39 KD 9.29 0.501
x-vector 4.39 DKD 9.15 0.509

4.39 AAT-DKD 8.72 0.500

7.00 – 8.87 0.462
Student model 7.00 KD 8.21 0.451
ECAPA-TDNN 7.00 DKD 7.65 0.439

7.00 AAT-DKD 7.56 0.439
Fig. 2. t-SNE plots of speaker embeddings obtained from a student (ECAPA-TDNN) using (a) DKD and (b) AT-DKD.
4.4. Performance metrics

For ASV, the performance metrics include equal error rate (EER) and
minimum detection cost function (minDCF) with 𝑃t ar get = 0.01. All ASV
experiments were conducted based on the 3D-Speaker toolkit [42].2

5. Results and analyses

5.1. Main results

Table 1 presents our main results on the speaker embeddings ex-
tracted from the x-vector and the ECAPA-TDNN models. It is evident
that KD outperforms methods relying solely on the ground-truth la-
bels for classification. When employing the DKD distillation method,
performance further improves, demonstrating the effectiveness of em-
phasizing non-target speaker information in knowledge distillation. For

2 https://github.com/modelscope/3D-Speaker
5 
the x-vector, the proposed AAT-DKD outperforms both KD and DKD.
AAT-DKD also reduces the EER on ECAPA-TDNN by 17.78% and 11.9%
compared to KD and DKD, respectively. Our approach achieves an
EER of 0.744% on VoxCeleb-O which is a notable achievement for the
ECAPA-TDNN. These findings suggest that using adversarially adaptive
temperatures can enhance the model’s performance.

In addition to the VoxCeleb1 test set, we also tested on the chal-
lenging VoxSRC21-val set. According to Table 1, AAT-DKD performs
the best for the x-vector and ECAPA-TDNN models. This indicates that
knowledge distillation with adversarially adaptive temperatures can
make the student model more robust.

To further demonstrate the effectiveness of AAT-DKD, we conducted
experiments on a Mandarin corpus. Table 2 presents our results on the
CN-eval dataset. We found that AAT-DKD outperforms KD and DKD on
x-vector and ECAPA-TDNN. Specifically, it achieved an EER of 7.56%
on ECAPA-TDNN, which is a highly competitive result. This result
shows that the AAT-DKD method is effective not only in English but also
in Chinese, demonstrating the robustness of the AAT-DKD approach.

https://github.com/modelscope/3D-Speaker
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Fig. 3. The curves of (a) distillation loss and total loss, and (b) EER during training.

To observe the representation power of AAT-DKD, we used the
ECAPA-TDNNs trained with DKD and AAT-DKD to extract speaker em-
beddings and plot them using t-SNE in Fig. 2. We selected 10 speakers
from the VoxCeleb1-dev set, each having 30 utterances. According to
Fig. 2, AAT-DKD generally presents higher cluster compactness and
fewer outliers compared with DKD. Especially, one instance of incorrect
classification, highlighted with a red circle, was observed in DKD,
whereas our method does not exhibit such an error. This verifies
that the proposed method can achieve more discriminative speaker
embeddings.

We also investigated the generalization of AAT-DKD. Fig. 3(a) shows
the training loss curves of DKD and AAT-DKD on Vox1-O. During
training, 𝜃TSK D and 𝜃NSK D were optimized to maximize the distillation
loss, while 𝛷st u was optimized to minimize the distillation loss. Since 𝛽
follows a warm-up procedure in the first 20 epochs, the distillation loss
increases in the early stages. After the warm-up period, as 𝛷st u plays a
leading role in this min–max game, the distillation loss shows an overall
decreasing trend. Fig. 3(b) shows the EER curves of AAT-DKD and DKD
during the training process. From Fig. 3, we observe that AAT-DKD has
a higher loss than DKD, but its EER is lower than that of DKD. This
observation suggests that AAT-DKD has better generalization capacity.

5.2. Impact of adversarial training

To better demonstrate the importance of the adversarial learning
strategy in AAT-DKD, we trained the models using two strategies: direct
learning of the temperature parameters (𝜃TSK D, 𝜃NSK D) and adversar-
ial learning of the temperature parameters. The results are shown
6 
Table 3
Impact of learning strategies for 𝜃TSK D and 𝜃NSK D on Vox1-O. The ‘‘Normal’’ and
‘‘Adversarial’’ learning strategies were implemented by applying gradient descent and
gradient ascent on the AAT-DKD loss (Eq. (10)), respectively. ‘‘None’’ means that a
constant temperature was used.

Row Learning strategy Initial value EER (%)

𝜏TSK D 𝜏NSK D
1 Normal 3.91 3.91 0.85
2 Adversarial 3.91 3.91 0.74
3 Normal 0.25 0.25 0.85
4 Adversarial 0.25 0.25 0.71

5 None 1.64 1.41 0.78

Table 4
Effect of using the same or different temperatures for the target (𝐿TSK D)
and non-target (𝐿NSK D) distillation losses in AAT-DKD.
Distillation method Temperature strategy EER (%)

AT-DKD Same 𝜏 0.82
Different 𝜏 0.74

in Table 3. Comparing the first (third) row and the second (fourth)
row, the temperature obtained with adversarial learning demonstrates
better performance. Moreover, the results of directly learning 𝜃TSK D
and 𝜃NSK D without the adversarial strategy are worse than using DKD
alone (compared with DKD in Table 1). This result underscores the
importance of the adversarial learning strategy.

Additionally, we adjusted 𝜃TSK D and 𝜃NSK D to set the initial values of
𝜏TSK D and 𝜏NSK D to be greater than 1.0 and less than 1.0, respectively.
This experiment aims to explore the impact of different initial values
of 𝜏TSK D and 𝜏NSK D on system performance. We plotted the curves of
𝜏TSK D and 𝜏NSK D under different adaptive strategies and initial values,
as shown in Fig. 4. From Fig. 4, when the initial value is larger than 1.0,
𝜏TSK D and 𝜏NSK D with the normal adaptive strategy quickly reaches the
set maximum value and remains constant. When the initial value is less
than 1.0, it stays at the lower boundary of the range and remains nearly
unchanged. Neither 𝜏TSK D and 𝜏NSK D converges, indicating that this
strategy does not work. When using adversarial strategy, regardless of
the initial value, 𝜏TSK D eventually converges to around 1.6, and 𝜏NSK D
converges to around 1.4. This indicates that the final convergence of
𝜏TSK D and 𝜏NSK D is independent of their initial values. Additionally,
we set the temperature hyperparameters to constants and assigned
them to the 𝜏TSK D and 𝜏NSK D in AAT-DKD. Specifically, 𝜏TSK D was set
to 1.64 and 𝜏NSK D was set to 1.41. Comparing the result in Row 5
with those in Rows 2 and 4 in Table 3, we observe that AAT-DKD
exhibits better performance. This confirms our hypothesis that different
stages of knowledge distillation require different optimal temperatures.
Therefore, using adaptive temperatures is more effective.

5.3. Impact of group-dependent temperatures

We explored the effectiveness of using different temperatures for
different types of losses, i.e., having different temperatures for the
target-speaker KD loss (𝐿TSK D) and the nontarget-speaker KD loss
(𝐿NSK D). The studies, which use the ECAPA-TDNN models, were evalu-
ated on Vox1-O. From Table 4, we observe that using different adaptive
temperatures for 𝐿TSK D and 𝐿NSK D yields better performance compared
to using the same temperature. This is reasonable because 𝐿TSK D and
𝐿NSK D distill different information from different distributions; hence,
the temperatures controlling the smoothness of the distributions should
also be different.

5.4. Impact of dynamic adversarial coefficient 𝜆

We explored the impact of the dynamic adversarial coefficient 𝜆
in Eq. (14) on the system and compared AAT-DKD with that setting
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Fig. 4. Prediction curves of 𝜏TSK D and 𝜏NSK D with and without adversarial strategy.
Table 5
Effect of a dynamic adversarial coefficient 𝜆 in Eq. (14).
Distillation method 𝜆 EER (%)

AT-DKD 1.0 (fixed) 0.80
Dynamic 0.74

Fig. 5. Comparison of training time per batch across different KD methods.

𝜆 to a fixed value of 1.0 for all mini-batches. Table 5 shows that
a dynamic 𝜆 yields better performance, which further validates our
argument that adopting varying degrees of adversarial learning for
individual mini-batches is a reasonable approach.

5.5. Training efficiency

We compared the training time of AAT-DKD with the other methods
under the same training conditions. The comparison results are shown
in Fig. 5. Using two RTX 4090 GPUs and a batch size of 256, we
conducted the experiments on the ECAPA-TDNN model and recorded
the time required to process one batch (in seconds). As shown in
Fig. 5, the additional computational overhead introduced by AAT-DKD
is almost negligible compared to other KD methods.

5.6. Exploring effectiveness in the image classification

We also explored the effectiveness of AAT-DKD in the image classi-
fication domain, with the results shown in Table 6.3 Table 6 shows that
AAT-DKD demonstrates better performance, which proves its effective-
ness and generalizability.

3 We did not use state-of-the-art image classifiers or toolkits. Therefore, the
performance of the baseline is not as competitive as those published in 2024.
7 
Table 6
Performance (top-1 accuracy %) of the student model trained
with various KD methods on the CIFAR-100 test set. ‘‘–’’
denotes using the classification loss only.
Distillation method Acc (%)

[43] 60.58
– 62.55
KD 64.18
DKD 64.66
AAT-DKD 65.10

Table 7
Performance of different KD methods on short-
duration scenarios (Vox1-O, 2s).
Distillation method EER (%)

KD 2.96
DKD 3.05
AAT-DKD 2.89

Table 8
Performance of different KD methods on language
mismatch scenarios (CN-Celeb evaluation set).
Distillation method EER (%)

KD 14.39
DKD 14.40
AAT-DKD 14.43

5.7. Limitations and future works

The limitations of AAT-DKD are discussed here. We selected the
ECAPA-TDNN models trained with the KD, DKD, and AAT-DKD meth-
ods, as shown in Table 1, and evaluated their performance in specific
scenarios.

Challenges in Short-Utterance Scenarios: We evaluated our
method in short-duration scenarios by randomly cropping the test audio
from Vox1-O to 2 s to simulate short-duration conditions. As presented
in Table 7, We observed that the performance of our method did not
show significant improvement in short-duration audio in Vox1-O. We
acknowledge that the proposed method has limitations under this con-
dition, indicating that future work should focus on incorporating dura-
tion adaptation into the proposed knowledge distillation framework to
enhance its robustness under the short-utterance scenario.

Challenges in Language Mismatch Scenarios: As shown in
Table 8, We noticed that AAT-DKD did not achieve significant im-
provements when there was a language mismatch between the test
and training audio. This can be attributed to the lack of language
adaptation modules in our current framework. We recognize that this
is a limitation and plan to address it in future work by incorporating a
language adaptation module into our knowledge distillation framework
to improve the method’s robustness in such challenging scenarios.
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6. Conclusions

We found that setting the temperature in the Decoupled Knowledge
Distillation (DKD) loss to a fixed value is not an optimal solution. We
proposed an adversarially adaptive temperatures for DKD (AAT-DKD)
to address this issue. Furthermore, we used 𝜏TSK D and 𝜏NSK D for 𝐿TSK D
and 𝐿NSK D, respectively. Additionally, the gradient reversal coefficient
in the GRL was set to be different for individual mini-batches, adjust-
ng the adversarial learning intensity based on the overall quality of

the mini-batches. The experimental results on VoxCeleb1, VoxSRC21-
val, CN-Celeb-eval, and CIFAR-100 demonstrate that our method is
effective.
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