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ABSTRACT

Using a Teacher-Student training approach we developed a speaker
embedding extraction system that outputs embeddings at frame rate.
Given this high temporal resolution and the fact that the student pro-
duces sensible speaker embeddings even for segments with speech
overlap, the frame-wise embeddings serve as an appropriate repre-
sentation of the input speech signal for an end-to-end neural meeting
diarization (EEND) system. We show in experiments that this rep-
resentation helps mitigate a well-known problem of EEND systems:
when increasing the number of speakers the diarization performance
drop is significantly reduced. We also introduce block-wise process-
ing to be able to diarize arbitrarily long meetings.

Index Terms— speaker embeddings, diarization, EEND, d-
vectors, teacher-student training, speaker verification

1. INTRODUCTION

Speaker embedding extraction aims at computing a representation
from a speech signal that keeps the information about the speaker
identity, while being insensitive to other factors, such as the content.
Next to its obvious application in speaker recognition or verification
tasks, there are other applications that benefit from such a voice fin-
gerprint, such as Automatic Speech Recognition (ASR) [1], source
extraction from a speech mixture [2] and speaker diarization [3, 4].

Early approaches to speaker embedding computation (e.g., the
i-vectors [5]) employed statistical methods, however, more recently,
the neural network-based techniques are prevalent. In the latter case,
the speaker embedding is taken as the representation at a bottleneck
layer right before the last, i.e., the classification layer of the network.
X-vectors [6] are a popular neural network based representation that
employs a Time Delay Neural Network (TDNN) with statistics pool-
ing for computation. Another widely used speaker embeddings are
the d-vectors that use ResNet-based convolutions for computation
[7], achieving an impressive speaker verification performance on
VoxCeleb [8].

Speaker embeddings have also been used for speaker diarization.
For example, the baseline system of the third DiHARD challenge
[3] employed an x-vector extractor, followed by similarity scoring
and clustering. However, there are at least two issues when used in
speaker diarization tasks. Firstly, the embeddings are computed on
a relatively large signal window of typically 2 s to 4 s. This contra-
dicts the benefit to have a high temporal resolution of the diariza-
tion information of a few frames. Secondly, embeddings computed
from regions of overlapped speech, i.e., regions where more than
one speaker is active, are typically uninformative. Ideally, the com-
puted embedding vector for a mixture of two speakers should also

be a superposition of the embeddings of the participating speak-
ers. However, the embedding extraction is far from being linear, and
the participating speakers cannot easily be inferred from the speech
mixture. This is a well-known issue that hurts clustering-based ap-
proaches to speaker diarization.

In contrast, the End-to-End Neural Diarization (EEND) [9]
method can handle speech overlap regions well by formulating di-
arization as a multi-label classification problem. However, EEND
systems suffer from the fact that they solve this problem rather
“locally”, meaning that they can discern only a small number of
speakers and they struggle to re-identify the speakers at a later point
in time. To alleviate these issues, methods like EEND-EDA com-
pute speaker-wise attractors to maintain a speaker state [10, 11], or
employ ASR-generated features to achieve a similar goal [12].

Rather than fixing the problem posthoc by modifying the archi-
tecture of neural diarization, in this contribution we directly address
the above two deficiencies of state-of-the-art speaker embedding ex-
tractors. This will in turn improve the speaker re-identification when
using the embeddings as input to a neural diarization system.

Our proposal is to decouple the learning of the speaker embed-
ding space from the projection of a speech signal into that space,
using a Teacher-Student strategy. The teacher is a standard ResNet
d-vector system, and the student is trained to output high temporal
resolution (i.e. frame-level) vectors that replicate the teacher’s em-
beddings. Therefore, the student projects a segment of input speech
to the embedding vector representing the active speaker. While a
pooling over several seconds is crucial for the teacher to learn a
robust speaker embedding space, the student can work at a much
higher temporal resolution. This leads to some performance drop in
a large scale speaker verification task, but works sufficiently well for
small numbers of speakers, as is typical for meeting diarization sce-
narios. Additionally, the frame-level resolution has the benefit that
simultaneously active speakers are better recognizable from the em-
beddings computed from a mixture, because many frames are dom-
inated by either of the two speakers. The pooling of the teacher, on
the other hand, would average out the speaker-specific information
in the mixture. Using the student embedding extractor as a front-end
to a EEND system, we show that diarization performance is signif-
icantly improved on meeting data compared to the baseline EEND
system.

In the next section we describe the architectures of the teacher
and the student network as well as the Teacher-Student training. In
Section 3 we motivate the usage of the student-embeddings as in-
put features for neural speaker diarization. Then, the quality of the
frame-wise student embeddings, both for single-speaker data and
two-speaker mixtures, as well as their applicability for diarization,
is evaluated in Section 4.



2. TEACHER-STUDENT EMBEDDINGS

The extraction of the speaker characteristics from an input speech
signal using a neural network is typically achieved by introducing
an information bottleneck right before the classification layer of the
network. The network is trained to minimize a classification loss
between the estimated and the true speaker label. Since the num-
ber of speakers seen during training is significantly larger than the
dimensionality of the latent embedding space, the representation at
the bottleneck layer is forced to represent the speaker characteris-
tics and not only the speaker labels. In this way, speaker embedding
extractors generalize well to unseen speakers [6].

Typically, a single embedding is computed from an utterance
or from a few seconds of speech. This is done by Time Average
Pooling (TAP) of the activations of the bottleneck layer. In fact, it has
been shown that this aggregation over several seconds is necessary
to achieve a good classification performance [13].

When employing these systems for diarization, the utterance
is split into overlapping windows of 2 to 4 seconds length, from
which one embedding vector per window is computed. However, the
TAP renders the speaker embeddings unreliable if the environment
changes over the duration of a window [14]. In this case, the aggre-
gation of the activations does not deliver a meaningful speaker rep-
resentation, as their properties change midway. This is a well-known
issue of classical clustering-based diarization approaches [14, 15].

In order to obtain a speaker embedding extractor that does not
require TAP and still computes reliable embeddings, we employ a
Teacher-Student approach. The teacher is an ordinary speaker em-
bedding extractor, and the student is the desired extractor that can
produce reliable frame-wise embeddings, as is described next.

2.1. Teacher speaker embeddings

In this work, the teacher network is a typical ResNet-based d-vector
extractor [16], that is widely used for speaker verification [17, 18].
Here, first logarithmic mel filterbank features x(t, f) are extracted
from an observation x(ℓ). These features are then encoded into
frame-wise latent embeddings, which are then aggregated with a
TAP layer to obtain a single, E-dimensional d-vector d(e) rep-
resenting the speaker characteristics of the input speech. During
training, an additional fully connected classification layer is used to
predict the speaker label. By using a softmax-based classification
loss that normalizes the embeddings to unit length, the d-vectors
lie on a E-dimensional hypersphere once the model is fully con-
verged. However, this property only holds true for the d-vectors
d(e), not the frame-wise embeddings before the TAP. Other works
[19] showed that these frame-wise embeddings heavily fluctuate in
terms of power and can even be used to infer a Voice Activity Detec-
tion (VAD) from, so that no further assumptions about the structure
of this data can be made.

2.2. Teacher-Student training

For the Teacher-Student training, a second network, the student, is
trained while using the d-vectors d(e) of the teacher as training tar-
gets as depicted in Figure 1. The weights of the teacher itself are
kept fixed during this step. The architecture of the student network
is largely identical to the teacher. Here, also a ResNet34 extracts
frame-wise speaker embeddings from the logarithmic mel filterbank
features x(t, f) of the observation.

However, the student exhibits two key differences to the teacher.
First, instead of performing a global TAP, a local TAP over 11
frames with a frame advance of single frame to smooth the output
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Fig. 1: Block diagram of the student training. The teacher d-vectors
serve as targets for the frame-wise embeddings of the student.

embeddings is applied. In this way, the student embeddings d̂(t, e)
maintain a frame-wise resolution, while they still include the con-
textual frames during embedding extraction. Second, the student is
not trained with a classification loss, but with a Mean Squared Error
(MSE)-based similarity loss

Lsim =
1

TE

T∑
t=1

E∑
e=1

∥d(e)− d̂(t, e)∥2 (1)

between each frame-wise student embedding d̂(t, e) and the teacher
d-vector d(e). Through this loss, the student is not only encour-
aged to reproduce the d-vectors of the teacher, but to do so on a
frame level. Therefore, every frame-wise student embedding ideally
is projected onto the E-dimensional hypersphere that depicts the la-
tent speaker space of the teacher. Those are easier to interpret, in
particular in case of a speaker change or speech overlap, since they
depict a higher time resolution.

3. SPEAKER EMBEDDING-BASED EEND

To evaluate the previous hypothesis, we adapt the EEND approach
[9]. In EEND systems, a neural network is trained to directly predict
the activity of each speaker in a meeting recording from the observa-
tion. The EEND model consists of a feature extraction followed by
self-attention layers and a classification layer to predict the frame-
wise activity of each speaker. During inference, an additional min
pooling (erosion) followed by a max pooling (dilation) is applied
before thresholding the model output to obtain the estimated activi-
ties.

Here, we replace the feature extraction with the student embed-
ding extractor as depicted in Figure 2 and train the EEND compo-
nents while keeping the model weights of the student frozen. The re-
sulting system is denoted “Student-EEND”. Since the speaker infor-
mation is already encoded in the input features to the EEND model,
the Student-EEND only needs to learn a multi label assignment of
these input features to provide a good diarization, and the speaker
information necessary to distinguish between speakers is directly
available at the input.

3.1. Block-wise Student-EEND

For normal EEND models, the full length audio of the recording is
required at once. In order to obtain a diarization system that can
operate on arbitrarily long meetings, a block-wise processing is pro-
posed in the following. Instead of processing the whole meeting
at once, during inference the meeting is processed in overlapping
blocks. Note that block processing results in a block permutation
problem, i.e., the estimated activity p̄b(t, k) after thresholding in
each block b can be arbitrarily permuted. Block-wise processing has
also been proposed in [20, 21]. In these works, the models are trained
to output an additional state that can be used to solve the block per-
mutation problem. Here, instead of inferring a speaker state from the
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Fig. 2: Comparison of the standard EEND and Student-EEND

EEND output, we directly use the student speaker embeddings to re-
order the activity estimates and assign them to the correct speaker.
Similarly to [20], this is done by first obtaining a block-wise d-vector
by computing a weighted mean

db(k, e) =
1

T

T∑
t=1

p̄b(t, k)d̂b(t, e) (2)

for each active speaker k in the processed block b from the student
embeddings d̂b(t, e) with the estimated activities p̄b(k, t). Then, in-
active speakers are removed and the d-vectors of all blocks are clus-
tered with an overlap-aware k-means clustering to find the block per-
mutation. Next, the activities in the center parts of successive blocks
are concatenated as in [22] to obtain the diarization estimate. The
number of speakers active in a block tends to be smaller than the
total number of speakers participating in a meeting. Therefore, the
Student-EEND system can be trained for an expected maximal num-
ber of speakers in a block (in this work, maximum 4 speakers) and
then applied to a meeting with arbitrarily many speakers. In this way,
the Student-EEND can be used for a block-wise processing without
any further modifications to the EEND model.

4. EVALUATION

4.1. Databases and training setup

The teacher and student models are trained using VoxCeleb data [8]
augmented with noise from the MUSAN dataset [23] and RIRs from
[24]. The teacher is trained with the additive angular margin (AAM)
Softmax [25] loss and the student is trained with a frame-wise MSE
loss to match the teacher’s d-vectors.

Reverberant LibriSpeech meetings are simulated with the MMS-
MSG software [26] which allows for the simulation of meetings with
an arbitrary number of speakers and duration. These meetings con-
tain 15% to 20% overlap and are used to evaluate the speaker em-
beddings under overlapping speech. Furthermore, the same data is
employed to train and evaluate the EEND systems. 2min meet-
ings are simulated and all the diarization models use 60 s chunks for
training. During evaluation, the Diarization Error Rate (DER), Equal
Error Rate (EER) and minimum Detection Cost Function (minDCF)
are calculated according to [27].

4.2. Student embeddings for speaker verification

For the speaker verification performance, both the student and the
teacher d-vector models are evaluated on the VoxCeleb speaker ver-
ification test sets. In this context, for better comparison with the
teacher, the frame-wise embeddings d̂(t, e) of the student also are

Table 1: Speaker verification performance of the teacher and student
models on the VoxCeleb test sets.

Model VoxCeleb1 VoxCeleb1-H

EER[%] minDCF EER[%] minDCF

Teacher 1.06 0.08 2.71 0.08
Student 2.34 0.19 5.33 0.29
+ finetuning 2.02 0.14 4.16 0.21

Table 2: Speaker identification accuracy of teacher and student d-
vectors for single speaker and overlap regions

Model Single speaker Overlap

Teacher 0.98 0.35
Student 0.98 0.42

averaged over time to obtain a single student d-vector d̄(e). As can
be seen in Table 1 , the student d-vectors consistently perform worse
than the teacher d-vectors for this task. Finetuning the student model
training by replacing the target d-vector with a different d-vector of
the same speaker reduces the performance gap to some degree. The
worse performance of the student is not surprising, as only few stu-
dent models are able to outperform their teachers on their original
tasks [28]. The student is, however, expected to perform reasonably
well with a small number of speakers, as is the case for meetings.

4.3. Embeddings on overlapped speech

For the purpose of conversational speech diarization, an important
question is whether the embeddings are robust under overlapping
speech. For this purpose, the teacher and student speaker embed-
ding extractors are evaluated for 8-speaker LibriSpeech meetings.
Both for the teacher and the student, short-time d-vectors with a du-
ration of 2 s and a hop size of 0.5 s are extracted from these data.
The lengths correspond to sizes typically chosen for speaker embed-
ding based diarization systems. Then, prototype d-vectors for each
speaker in the meeting are obtained from clean recordings, and they
serve as a reference for the above segment d-vectors to identify the
active speakers both in the single-speaker and overlapping regions.
This is done by computing the cosine similarity between all proto-
types and the segment d-vector.

Table 2 shows that student and teacher achieve the same accu-
racy for the identification of single speaker regions. As expected,
in the overlap regions, however, the student’s identification accuracy
outperforms the teacher, indicating a higher robustness for overlap-
ping speech.

Figure 3 explains why the student embeddings are able to bet-
ter represent the active speakers for overlapping speech over the
teacher embeddings. The figure displays the accumulated local co-
sine distance between successive frame-wise speaker embeddings.
As shown, the distances for the student are much smaller than for
the teacher. This indicates that the student’s frame-wise embeddings
smoothly change from one speaker to the next even during the over-
lap. We further observed that higher local distances coincide with
speaker changes over the course of a meeting for the student.

This smooth transition can also be seen when visualizing the
frame-wise embeddings with t-SNE. Figure 4 shows that, for the stu-
dent, the embeddings computed from overlapped speech segments
form trajectories connecting the embeddings computed from single-
speaker regions of the speakers present in the mixture, whereas no
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Fig. 4: t-SNE plot for the frame-wise embeddings of two segments
consisting of partially overlapping speech.

discernible geometry can be seen for the teacher embeddings. En-
forcing the student vectors to lie on the hypersphere defined by the
teacher seems to help regularize the frame-wise speaker embeddings
for overlapping speech, even if the student was not trained on speech
mixtures. Note, that it cannot be concluded that these embeddings
are linear combinations of the participating speaker embeddings, be-
cause t-SNE is a highly nonlinear mapping from a high-dimensional
space to two dimensions.

4.4. Embeddings for diarization

The previous evaluations show that the frame-wise student embed-
dings are meaningful even under speech overlap. While simply as-
signing regions of overlapping speakers to the most similar speaker
prototypes is still too unreliable, it should be possible to find a non-
linear mapping of the frame-wise student embeddings which leads to
an accurate diarization. Therefore, we use the Student-EEND model
to this end and compare it to the standard EEND. The values for the
activity threshold, erosion and dilation are finetuned separately for
each system configuration. The training is performed using a per-
mutation invariant binary cross entropy loss.

Table 3 shows that the student embeddings indeed can be used
for diarization. For meetings with two speakers, both the stan-
dard EEND and Student-EEND perform similarly. However, when
switching to meetings with four active speakers, the standard EEND
steeply degrades, while the student embedding-based version still is
able to provide a decent diarization result and clearly outperforms
the EEND model. To verify that it is really the Teacher-Student
training that is responsible for this effect, we also train an EEND
model directly on the activations of the teacher d-vector system, i.e.,
on the embeddings before TAP, which we denote “Teacher-EEND”.
As shown, this configuration is unable to provide a meaningful di-
arization even for the two-speaker case. This again demonstrates
that the student embeddings are easier to interpret on a frame-level
and that they form a useful front-end for a neural diarization system.

Table 3: DER (Missed Hit/ False Alarm/ Confusion) on simulated
LibriSpeech meetings with a duration of 2min

Model 2 speakers 4 speakers

EEND 6.1 (2.1 / 2.6 / 1.4) 33.2 (21.4 / 3.3 / 8.5)
Student-EEND 6.6 (2.4 / 1.9 / 2.3) 13.4 (6.9/ 3.9 / 2.6)
Teacher-EEND 17.9 (6.0 / 8.5/ 3.4) 49.6 (0.4 / 32.9 / 16.3)

Table 4: DER for 10min meetings with and without block-wise
processing

Model block-wise #Speakers per Meeting
2 4 8

EEND ✗ 6.5 38.8 -
Student-EEND ✗ 7.6 14.4 -
Student-EEND (4spk) ✓ 9.6 16.8 30.9

4.5. Block-wise Student-EEND

Next, we investigate the performance of the Student-EEND for a
block-wise processing. Table 4 compares the block-wise approach
with processing the full 10-mins meetings at once. The block-wise
system is trained on 4-speaker meetings and evaluated on 30 s long
blocks with a block advance of 10 s. The results for processing the
full meeting have been obtained with systems that have been trained
specifically for the given number of speakers.

It can be seen that the block processing leads to an increase in
the DER, which is mainly due to the fact that the clustering could
not resolve all block permutation errors. Furthermore, it can be ob-
served that the least relative increase in DER is observed if the num-
ber of speakers in training matches those in test (i.e., 4). While the
generalization to a smaller number of speakers is satisfactory, the de-
terioration for 8-speaker system to 31% is more pronounced. This
observed performance loss for more speakers is comparable to the
degradation reported in [29]. Notably, training a 8-speaker EEND
model was not possible due to the complexity associated with solv-
ing the permutation problem.

5. CONCLUSION

In this work, we proposed a Teacher-Student approach for the extrac-
tion of speaker embeddings. In contrast with the teacher, the student
is able to produce sensible speaker embeddings at frame rate. Fur-
ther, the student’s speaker embeddings contain sufficient information
for segmentation and speaker identification to be used as representa-
tion of the input speech for neural diarization systems, even during
speech overlap. Experiments have shown that they help mitigate a
well-known problem of EEND systems: when increasing the num-
ber of speakers in a meeting, the performance drop is much less pro-
nounced. Furthermore, we presented a block-wise student-EEND
system that can handle arbitrarily long meetings. Finally, it is worth
mentioning that the student embeddings impose no constraints on the
backend diarization system. Thus, more recent extensions of EEND-
based systems (e.g. EEND-EDA [10]) can be easily combined with
the Student-EEND, which serves as an outlook on future work.
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