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Abstract—Recent works suggest that decoupling the informa-
tion of non-target speakers from that of the target speaker
in knowledge distillation (KD) and subsequently emphasizing
the former can lead to significant performance improvement.
However, a well-trained teacher model typically produces almost
zero non-target speaker posteriors with limited contribution
to knowledge transfer, resulting in unreliable KD. To address
this problem, we advocate a dual-group knowledge distillation
framework, wherein the primary group with top-k speaker
posteriors captures most of the speaker discrimination knowledge
in an utterance. The non-primary group contributes to the KD
through a binary classification (distillation) between the primary
and non-primary groups. In addition, adaptive logit softening is
proposed to adjust the teacher’s and student’s logits in the binary
distillation, further facilitating effective knowledge transfer. The
proposed method trained with a simple x-vector pipeline obtains
an impressive equal error rate of 1.46%, 1.47%, and 2.70%
on three VoxCeleb1 test sets, outperforming the state-of-the-art
methods with a noticeable margin.

Index Terms—Speaker recognition; knowledge distillation;
grouped knowledge transfer; adaptive logit softening

I. INTRODUCTION

Speaker recognition [1]–[3] systems have achieved remark-
able successes in recent years, largely attributed to the de-
velopment of deep learning [4] and large-scale annotated
datasets [5], [6]. Numerous studies used advanced architec-
tures to capture speaker-dependent information from hand-
crafted features, evolving from the early i-vector approach
[7] to current deep neural network-based methods [8]–[11].
The networks are optimized using speaker labels via sophisti-
cated loss functions [12]–[14], thereby producing robust and
discriminative speaker embeddings. During inference, the rep-
resentations extracted from the speaker embedding networks
are fed into various back-ends, including cosine similarity
and probabilistic linear discriminant analysis [15] to facilitate
decision-making.

Many powerful automatic speaker verification (ASV) sys-
tems have been proposed by combining the large-scale pre-
trained speech models [16]–[18] followed by traditional
speaker encoders, such as the ECAPA-TDNN [19] and the
x-vector network [20]. However, the performance gains are
at the expense of increased trainable parameters. Such cum-
bersome models are difficult to deploy on edge devices with
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limited computational resources. Knowledge distillation (KD)
[21] provides an effective way to solve this problem. With
KD, we can train a small student model with supervision
from a large teacher model. This is achieved by minimizing
the Kullback–Leibler (KL) divergence between the softened
outputs of the teacher and the student networks.

Recently, it was found that splitting the predictions of
teacher and student networks into target and non-target groups
is beneficial for knowledge transfer in computer vision [22].
This idea, known as decoupled knowledge distillation, has also
achieved outstanding performance in ASV [23], [24]. Further-
more, the authors of [25] found that the majority of the class
posteriors are almost zero, thereby contributing only minor
knowledge to the student network and making KD difficult. To
address this limitation, they extracted the primary knowledge
using the top-k posteriors for KL divergence minimization, a
strategy called grouped knowledge distillation (GKD). Inspired
by GKD, we propose splitting the speaker posteriors (and their
corresponding hypothesized speakers) into a primary and a
non-primary group for each training utterance. Also, we split
the KD loss into two categories: primary and binary. The
primary loss aims to capture the differences among the top-k
speakers1 in the primary group, whereas the binary loss aims
to transfer knowledge between the primary and non-primary
groups through a binary classification task.

Despite GKD’s effectiveness, utilizing a global temperature
parameter to adjust the speaker posteriors across all training
samples may lead to undesirable results because different
samples have different posterior distributions and contribute
differently to KD. On the other hand, it is suboptimal to use
a constant temperature for both the primary and binary losses
in GKD because the distributions of speaker posteriors vary
significantly between the primary and non-primary groups.
Moreover, given a well-trained teacher model, the posterior
distribution of speakers in the primary group will be much
sharper than that of the non-primary group, causing the binary
cross-entropy loss to be dominated by a few posteriors only.
In this work, instead of only using a static temperature, we
advocate softening the logits dynamically so that a constant
temperature can be applied. The logit softener aims to smooth
out the sharp posterior distribution of speakers, and the

1Speakers with top-k posterior probabilities.
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degree of softening depends on individual utterances. This
operation can also reduce the distribution discrepancy between
the primary and non-primary groups, ensuring no group will
dominate in the knowledge transfer.

In summary, our contributions are as follows. Firstly, we
introduce the strategy of GKD to ASV by splitting the
conventional KD loss into a primary loss and a binary loss
for an efficient KD. Secondly, we propose applying adaptive
logit softening in the binary distillation, which is part of GKD
to further smooth the speaker posteriors for better inter-group
knowledge transfer.

II. METHODOLOGY

In this section, we briefly review the conventional and
decoupled knowledge distillation. Our proposed method is
then detailed.

A. Conventional and Decoupled Knowledge Distillation

Consider an utterance u and its corresponding speaker label
y, where y ∈ {1, . . . , C} and C is the number of speakers
in the training set. KD computes the Kullback–Leibler (KL)
divergence between classification probabilities of the student
and teacher networks. Specifically, a short segment x is
randomly truncated from u and then passed to both networks
f tea (.) and f stu(.). The obtained logits ztea and zstu are
transformed into respective speaker posterior probabilities ptea

and pstu via a softmax function pi =
exp (zi/τ)∑C

j=1 exp (zj/τ)
, where

i ∈ {1, . . . , C} indexes the classes and τ is a temperature
constant. Here zi and pi are the i-th element of vectors z and
p, respectively.

The KD loss can be formulated as

LKD = KL(ptea||pstu) =

C∑
i=1

pteai log

(
pteai

pstui

)
. (1)

In [24], it was shown that the ASV performance can be
consistently improved if the number of non-target speakers
increases during training. To highlight the role of non-target
speakers, LKD can be split into target and non-target terms:

LKD = KL(btea||bstu) + (1− pteat )KL(p̂tea||p̂stu), (2)

where btea =
[
pteat , ptea\t

]
, bstu =

[
pstut , pstu\t

]
, p̂tea =

[p̂teai ]
C
i=1,i̸=t and p̂stu = [p̂stui ]

C
i=1,i̸=t. For simplicity, we only

state the teacher’s probabilities:

pteat =
exp (zteat /τ)∑C
j=1 exp (z

tea
j /τ)

, ptea\t =

∑C
k=1,k ̸=t exp (z

tea
k /τ)∑C

j=1 exp (z
tea
j /τ)

,

(3)

p̂teai =
exp (zteai /τ)∑C

j=1,j ̸=i exp (z
tea
j /τ)

, i ∈ {1, . . . , C} \t. (4)

Because the target speaker’s posterior pteat dominates the
speaker posterior distribution, the non-target speakers’ in-
formation is potentially suppressed. Besides, pteat induces
dependence between the target and non-target terms, reducing
the benefit of separating the KD into loss terms. In [23], [24],

a hyperparameter γ was introduced to replace (1 − pteat ) in
Eq. 2, emphasizing the non-target information and decoupling
it from the target speaker’s information. This strategy leads
to the decoupled knowledge distillation (DKD) loss, which is
expressed as:

LDKD = KL(btea||bstu) + γKL(p̂tea||p̂stu). (5)

B. Adaptive Logit Softening

Due to the dominance of the target speaker’s probability
exhibited in the well-trained teacher model, simply softening
the logits with a global τ will fail to address the discrepancy in
the speaker posterior distributions across different utterances.
Thus, it is necessary to reduce the sharpness of the teachers’
output probabilities on a sample-by-sample basis. To this end,
we propose adaptively softening the logits from both the
student and teacher networks by normalizing them with their
respective standard deviation before passing them to a softmax
function with constant temperature.

As shown in Fig. 1, the teacher and student logits (ztea,
zstu) are normalized as follows:

z̃tea =
ztea

σtea
and z̃stu =

zstu

σstu
, (6)

where σtea =

√∑C
i=1 (ztea

i −z̄tea)2

C , σstu =

√∑C
i=1 (zstu

i −z̄stu)2

C

represent the utterance-wise standard deviation of logits ztea

and zstu, respectively. z̄tea and z̄tea denote the means of
teacher and student logits.

Unlike applying a fixed temperature for all inputs, adaptive
logit softening enables KD to tune the probability distribution
for each sample, resulting in higher flexibility.

C. Grouped Knowledge Distillation

Similar to DKD, we also partition the traditional KD loss
into primary and binary losses:

LGKD ≜ αLprimary + βLbinary, (7)

where α and β denote the contribution of the primary and
binary losses, respectively. As presented in Fig. 1, the primary
and binary losses are computed from the primary group
and binary group, correspondingly. For the former, the top-k
posteriors of the student network are contrasted with that of the
teacher network. In contrast, for the latter, the loss is computed
by dividing the posteriors into two groups, one corresponds
to the top-k posteriors, and another one corresponds to the
remaining posteriors.

Following the strategy in [25], we select the top-k speaker
posteriors to form the primary speaker group for enhancing
the discriminative capabilities of the student network. The
student network’s predictions are sorted in descending order
to facilitate the selection of these top-k confusing speakers.
The primary KD loss is formulated as

Lprimary = KL(ptea||pstu) =
∑
i∈Φ

pteai log

(
pteai

pstui

)
, (8)



Fig. 1. Framework of the proposed distillation method. In the upper branch, a pre-trained teacher network maps an augmented waveform to logits ztea.
Concurrently, mel-filter bank features are extracted and fed into a student network in the bottom branch to obtain student logits zstu, which are then transformed
into speaker posteriors. In the binary group, adaptive logit softening is applied to the teacher and student logits for effective knowledge transfer. In the primary
group, the probabilities of top-k speakers are selected, enabling the student network to learn discriminative information. The student network is optimized
using both the classification loss and the proposed knowledge distillation loss.

where Φ is a set of indices corresponding to the top-k speaker
posteriors of the student, and pteai =

exp (ztea
i /τ)∑C

j=1 exp (ztea
j /τ)

and

pstui =
exp (zstu

i /τ)∑C
j=1 exp (zstu

j /τ)
are the speaker posteriors of the two

networks with fixed logit softening.
Because the primary posterior group (defined by Φ) re-

tains the majority of the knowledge necessary for effective
distillation, it focuses on capturing the relationship between
the target speaker and other confusing speakers. Therefore,
Lprimary improves the discriminative capabilities of the stu-
dent by ignoring the non-primary speakers whose posterior
probabilities are small. The student network is expected to
learn inter-speaker knowledge in the primary group, enabling
its predictions to closely align with those of the teacher.

The non-primary speaker/posterior group aggregates the
posteriors of non-primary speakers, contrasting with the ag-
gregation of the primary posteriors. As a result, we consider
the primary and non-primary posteriors to be coming from
two distinct classes and formulate a binary cross-entropy loss
that distills global knowledge. The binary KD is formulated
as

Lbinary = KL(b̃tea||b̃stu), (9)

where b̃tea =

[∑
t∈Φ exp (z̃tea

t /τ)∑C
j=1 exp (z̃tea

j /τ)
,
∑

t/∈Φ exp (z̃tea
t /τ)∑C

j=1 exp (z̃tea
j /τ)

]
represents

the speaker posteriors of the primary group and the non-
primary group. b̃stu can be expressed in a similar way. Instead
of directly using two logits for computing KL divergence,
adaptive logit softening is applied to smooth the teacher and
student output distributions, potentially reducing the discrep-
ancy between primary and non-primary groups.

The student network is optimized by minimizing LGKD and
an AAM softmax classification loss [13]:

L = LAAM + ωLGKD, (10)

where ω is a hyperparameter for balancing two losses.

III. EXPERIMENTAL SETTINGS

A. Training and Evaluation Strategy

The development set of VoxCeleb2 [5] was utilized to
train the student network, while three test trials sampled from
VoxCeleb1 [26], i.e., Vox1-O, Vox1-E, and Vox1-H, were used
to evaluate the performance of the proposed method. The
teacher model comprises a large WavLM combined with a
powerful ECAPA-TDNN. It was pre-trained on LibriSpeech
for speech recognition and subsequently fine-tuned on the
VoxCeleb2 development set. A simple x-vector network was
selected as the student.

During training, we fed the augmented waveform of a
short segment containing 200 frames to the frozen teacher
model. 80-dim Mel-filter bank features were extracted and then
presented to the student network after applying augmentations
with a probability of 0.6. MUSAN [27] and RIRs [28] were
adopted in the augmentation process. For AAMSoftmax, the
scale and margin are consistent with the settings in [24].

During inference, speaker embeddings were extracted from
the student network. A cosine similarity score was computed
for each trial. No score normalization techniques were applied.
Both EER and minDCF were reported for comparison.

B. Hyperparameters Settings

The base temperature τ was set to 4. In the proposed
GKD method, β was set to 1, whereas α was set to 4 for
amplifying the contribution of the primary loss. The parameter
ω was increased from 0.05 to 1 during the first 20 epochs
and kept unchanged in the remaining epochs. For the top-k



TABLE I
PERFORMANCE ON VOX1-O, VOX1-E, AND VOX1-H WITH k = 200. THE FIRST AND SECOND ROWS DO NOT USE ANY KD, AND THEY USE THE TEACHER

AND STUDENT DURING INFERENCING, RESPECTIVELY.

Knowledge Distillation Method Teacher Student #Param(M)
during inferencing

Vox1-O
EER% / minDCF

Vox1-E
EER% / minDCF

Vox1-H
EER% / minDCF

None WavLM + ECAPA-TDNN – 316.62 0.43 / – 0.54 / – 1.15 / –
None –

x-vector 4.61

1.99 / – 1.95 / – 3.41 / –
Conventional KD (Eq. 1)

WavLM + ECAPA-TDNN
1.74 / 0.162 1.69 / 0.185 2.96 / 0.283

DKD (Eq. 5) 1.55 / 0.166 1.53 / 0.173 2.77 / 0.266
GKD with adaptive logit softening (Eq. 8 and 9) 1.46 / 0.157 1.47 / 0.168 2.70 / 0.256

selection, the value of k was set to 50, 150, 200, and 300,
respectively. The proposed method was primarily developed
using the WeSpeaker toolkit [29].

IV. RESULTS AND DISCUSSIONS

A. Comparisons of KD methods

Table I reports the results on Vox1-O, Vox1-E, and Vox1-
H, respectively, when k was set to 200. It is obvious that
with the extra supervisory information provided by the teacher
model, distillation-based approaches consistently yield better
performance than the same student network without KD, i.e.
using LAAM in Eq. 10 only. Compared to an x-vector network
trained in a conventional distillation manner, our proposed
system achieves the largest improvement of 16.1% on Vox1-O
in terms of EER. Although training an x-vector with a DKD
loss can also enhance performance by decoupling the non-
target speakers’ information from the target speaker’s one, our
proposed method outperforms it by a large margin, validating
that combining adaptive logit softening and top-k posterior se-
lection for KD can promote discriminative knowledge transfer.

In our settings, adaptive logit softening was utilized to
soften teacher and student logits, thereby effectively capturing
subtle variations among similar speakers for more effective
knowledge transfer.

TABLE II
EFFECT OF ADAPTIVE LOGIT SOFTENING AND GKD.

Row Loss Function Vox1-O
EER% / minDCF

Vox1-E
EER% / minDCF

Vox1-H
EER% / minDCF

1 KL 1.74 / 0.162 1.69 / 0.185 2.96 / 0.283
2 KL with adaptive logit softening 1.78 / 0.174 1.69 / 0.189 2.87 / 0.279
3 GKD with τ 1.51 / 0.158 1.50 / 0.173 2.75 / 0.270
4 GKD with σ̄ ∗ τ 1.47 / 0.164 1.50 / 0.175 2.76 / 0.266
5 GKD with adaptive logit softening (ours) 1.46 / 0.157 1.47 / 0.168 2.70 / 0.256

B. Effect of GKD and Adaptive Logit Softening

As shown in Table II, splitting the KD loss into primary
and binary losses leads to a significant performance boost.
This observation is evident by comparing Row 1 with Row 3.
On the other hand, compared with the vanilla GKD in Row
3, the GKD with adaptive logit softening (Row 5) achieves
better performance. The performance improvement suggests
that adaptive logit softening is beneficial to knowledge transfer
by smoothing out the speaker posteriors. However, it is ob-
served that the improvement is not obvious when normalizing
teacher and student logits in the conventional KD (Comparing
Row 1 with Row 2). We conjecture that without focusing
on the primary group as in the proposed method for major

knowledge transfer, applying adaptive logit softening across
all the classes may introduce meaningless or noisy information
for the distillation due to the small posteriors.

To further validate the effect of adaptive logit softening,
we built a small corpus comprising N = 29, 970 utterances
sampled from 5,994 speakers in the VoxCeleb2 development
set, with each speaker contributing 5 utterances. The corre-
sponding teacher logits were obtained by feeding the utter-
ances to the pre-trained teacher model (WavLM + ECAPA-
TDNN). Subsequently, we computed the standard deviations of
the teacher logits for each utterance and denoted it as σk. They
were then averaged across N utterances, resulting in σ̄ = 2.74.
We replaced σtea and σstu in Eq. 6 by σ̄ to soften the speaker
posteriors. Comparing Row 4 and Row 5, we observe that it is
critical to soften the logits dynamically because the posterior
distributions vary from utterance to utterance.

Fig. 2. EER on (a) Vox1-O, Vox1-E and (b) Vox1-H with respect to k.

C. Effect of k in Posteriors Selection
The hyperparameter k plays a critical role in GKD. We

initially set k to 50. Fig. 2 shows the correlation between k and
EER. Specifically, a notable drop in performance is observed
when transitioning the value of k, followed by a subsequent
improvement in terms of EER. It is observed that the best
performance was obtained when k was set to 200.

V. CONCLUSIONS

This paper introduced a straightforward knowledge distilla-
tion method by selecting and emphasizing the information of
top-k similar speakers for knowledge transfer, thereby enhanc-
ing the discriminative power of the student network. Adaptive
logit softening incorporated in the binary distillation can
further enhance the KD performance. The proposed method
exhibited an impressive average improvement of 12.6% in
EER when compared to the method based on vanilla KD and
also outperformed the current DKD-based approach with a
noticeable margin.
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