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Abstract
End-to-end neural speaker diarization (EEND) systems are cur-
rently of high interest as the approach can easily handle over-
lapped speech and can be trained to optimize directly the di-
arization decision. Recently, there have been several investi-
gations that achieve further enhancement of the EEND system,
such as proposing various network structures for the encoder
module or integration of the EEND with, the well-established
in speaker embedding-based diarization, clustering methods.
In this paper, we propose an alternative for the EEND back-
end and replace the LSTM-based attractor estimator with a
non-autoregressive approach based on a Transformer decoder.
Moreover, we introduce an iterative method that refines the sys-
tem decision and the attractors in turns. Finally, we present re-
sults derived from an additional regularization of the proposed
system with the use of Additive Angular Softmax speaker clas-
sification loss. We achieve up to 15% relative improvement
over baseline on 2-speaker real recordings from CALLHOME
dataset and up to 18% on simulated 2-speaker mixtures.
Index Terms: speaker diarization, end-to-end, clustering, self-
attention, attractor mechanism, iterative refinement

1. Introduction
The well-established approach of handling the diarization prob-
lem are cluster-based methods [1, 2]. In general, the processing
flow is based on extracting a sequence of speaker embeddings
from overlapping audio segments, scoring one with each other
and applying a clustering algorithm on top of those scores. The
process can be preceded with Voice Activity Detection (VAD)
in order to remove non-speech frames. In this approach, each of
the modules is independent and is optimized separately, instead
of being optimized to solve the diarization problem. Another
major drawback is that speech overlap is not addressed prop-
erly, as clustering methods assume that each segment belongs
to a single speaker only.

The aforementioned problems were addressed by the re-
cently proposed end-to-end diarization (EEND) systems. The
EEND has been firstly proposed as a simple multi-label classifi-
cation task [3] in order to replace the clustering-based methods.
The method has been improved with self-attention structured
encoder [4, 5] and encoder-decoder attractor (EDA) mechanism
[6, 7] that can handle a flexible number of speakers.

There has been several extensions to further improve the
proposed framework. In [8, 9], the authors replace the Trans-
former encoder with a Conformer model. In [10, 11, 12], an
intermediate approach has been proposed, in which the EEND
system is combined with clustering in order to leverage the ad-
vantages offered by both methods. Also in [11], the authors

show the advantage of adding an additional speaker classifica-
tion loss to the training objective.

In this paper, based on the EEND-EDA system, we propose
to replace the EDA module with the non-autoregressive attrac-
tor generation in which all outputs are computed independently,
in parallel. The idea is inspired from Automatic Speech Recog-
nition (ASR), in which the introduction of a non-autoregressive
system has led not only to a great speed-up in computations,
but also improvement in the accuracy of ASR [13, 14, 15, 16].
Moreover, in order to deal with the limitations of the proposed
system, we apply an iterative refinement of the diarization out-
puts. A similar approach has also been used in the sequence
modeling and ASR task [17, 18].

The main contributions of this paper are as follows. We pro-
pose the non-autoregressive back-end for the estimation of the
attractors for speaker diarization as a new approach for attractor
estimation. Next, we show that introducing iterative refinement
for diarization can boost system accuracy. Finally, we present
the results when incorporating the speaker classification loss as
an additional regularizer for the diarization system.

2. End-to-end neural speaker diarization
In this section, we present an overview of the self-attentive end-
to-end diarization model with encoder-decoder based attractors
(EEND-EDA) [6]. We distinguish two main modules in the
framework, namely the EEND encoder and the EDA mecha-
nism which is considered as the diarization system back-end.

As input, the EEND receives the T -length feature sequence,
denoted as x = {x1,x2, . . . ,xT }. At the output, the en-
coder produces the T-length sequence of embeddings e =
{e1, e2, ..., eT }, where each embedding corresponds to a sin-
gle input feature. The encoder structure is composed of 4
stacked Transformer encoder layers with self-attention mech-
anism. Similarly to [4], the positional encoding is omitted in
the encoder structure.

The obtained embedding representations are forwarded to
the back-end, namely to the EDA module. The EDA produces
attractors with the number equal to the total number of speakers
occurring in a particular utterance. The EDA module is built
of two LSTM layers connected in the encoder-decoder manner.
In theory, the EDA module can produce an infinite number of
attractors. In order to constrain and distinguish whether the pro-
duced attractor represents a subsequent speaker track, a linear
layer followed by a sigmoid activation is located at the top of
the EDA module. The output is used to assess whether a partic-
ular embedding is useful or the attractor generation should be
terminated.

In the last step, the estimated attractors are used to compute
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Figure 1: Flow diagram of the EEND with the proposed non-
autoregressive back-end. In the first iteration, the k-means ini-
tialization is used. In the next iterations, the output from the
previous iterative refinement step is used instead.

a dot product with each embedding separately. The obtained
score is processed by a sigmoid function and constitutes the fi-
nal diarization result.

The training objective is a sum of two losses, namely the at-
tractor and the diarization loss, whereby both of them are based
on the binary cross-entropy. The attractor loss is derived from
the decisions of the binary classification layer located at the top
of the EDA module. As ground truth, S + 1 binary labels are
used, where S indicates the number of speakers in the record-
ing. In order to indicate the stoppage of attractor generation, S
first labels need to be set to 1 and the S+1-th label needs to be
set to 0. The labels are compared with the values obtained from
the binary classifier at the top of the EDA module. In turn, the
diarization loss is computed by comparing the diarization de-
cisions with binary ground truth labels y ∈ {0, 1}T×S , where
yt,s = 1 if speaker s is present at time t. The final diarization
prediction is selected based on the permutation invariant train-
ing (PIT) [19] scheme. For more details on computation of both
loss functions, the reader is referred to [6].

3. Proposed approach
3.1. Non-autoregressive attractor estimation

In this section, let us describe the framework of the proposed
non-autoregressive back-end for the attractor estimation. In
Figure 1, we present the flow diagram of the proposed system.
Similar to the baseline, the input features are first processed by
the EEND encoder, which is built of four-layer Transformer en-
coder, producing frame-level embedding representations. Such
embeddings are used in the back-end in order to estimate attrac-
tor representations. The initial values of attractor representa-
tions are produced using the k-means algorithm, which clusters
the embeddings of a recording. The number of clusters is equal
to the number of speakers in the recording. The calculated clus-
ter centers are taken as initial attractor values, denoted hereafter
as cs = {c1, .., cS}, which in turn are forwarded to the decoder
blocks that refine these representations.

A single decoder block is represented by a Transformer de-
coder layer [20]. The diagram of the back-end along with the
detailed structure of the N-th decoder block are presented in

Figure 2: Backend architecture of the proposed system with iter-
ative refinement scheme, showing the detailed structure of one
of N subsequently repeated decoder blocks.

Figure 2. A single Transformer decoder block is composed
of 3 core layers: multi-head self-attention layer, multi-head
source-target attention layer, and position-wise feed-forward
layer (FF). Note that in Figure 2, both attention layers are de-
noted as MHA blocks. All of the layers are followed by the
residual connection, which adds up layer input and output, and
a normalization layer. The core elements in the attention mech-
anism are the key, value, and query linear transformations. The
difference between the mentioned self-attention and source-
target is in the input to these elements. Self-attention operates
only on the estimated cluster centers or input from the previous
decoder block. In contrast, the source-target attention incor-
porates the embedding representations to compute the key and
value, whereby intermediate attractor estimations are used as
query. Similar as in the encoder part, we do not incorporate the
positional encoding. The length normalization of the vectors is
applied on the embeddings before the decoder.

Similarly to the baseline approach, the attractors are used
to compute the dot product with the embeddings, which is fol-
lowed by a sigmoid function, resulting in the final diarization
result. The training objective of the system is composed only of
the diarization loss with the PIT scheme. In sections to follow,
we will refer to the proposed system as EEND-NAA (EEND
with Non-Autoregressive Attractor).
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3.2. Iterative refinement

The aim of using k-means clustering at the backend is to give the
first, rough estimates of the attractors, which are subsequently
refined by the next layers. Such an initialization has a few draw-
backs. Firstly, it operates on all embeddings extracted from the
recording, and hence it can cluster not only the speaker em-
beddings but also the silence embeddings. Secondly, it does
not take into consideration whether the particular embedding
belongs to more than one cluster, such as is the case for embed-
dings produced for overlapped speech.

As a remedy to these issues, we incorporate the procedure
of an iterative refinement of the attractors. After the first esti-
mation of the attractors, which is computed with initialization
from k-means algorithm, the diarization result is obtained ỹt,s.
It is produced through the computation of the dot product of
the attractors and encoder embeddings, followed by the sigmoid
function, i.e. as

ỹ i
t,s = σ(et ⊗ ai

s) , (1)
where i denotes the iteration number, t is the time step, s is
the speaker track, and a is the attractor representation. In or-
der to obtain the estimated binary diarization decision, for each
diarization decision track, we compare the obtained result with
the neutral threshold value ξ = 0.5, which can be written as

p i
t,s =

{
1 ỹ i

t,s > ξ
0 ỹ i

t,s ≤ ξ
. (2)

Based on this result, we apply the refinement step where we
compute new initial cluster centers, which are forward-passed
through the decoder stack to estimate refined attractors. Thus
from the second iteration on-wards, the initial representations
are recomputed in the following manner:

cis =
1∑t=T

t=1 p i−1
t,s

t=T∑

t=1

p i−1
t,s · et . (3)

By recalculating the cluster centers, the embeddings et that rep-
resents overlap speech are incorporated into the computation of
the centers for all speakers that occur at time t. Note that the
aforementioned procedure applies to all iterations with i > 1,
while for the first iteration i = 1, the initial representations c
are calculated by k-means clustering.

3.3. Additional speaker classification loss

Since the representations on the encoder output can provide
relative speaker information, we examine whether adding the
speaker classification loss as an additional regularization at its
output can further improve the embedding discrimination.

Firstly, the speaker embeddings with respect to the whole
sequence are estimated based on the encoder embeddings, with
the same weighted pooling method as in equation (3) and i = I ,
where I denotes the index of the final iteration. Then, the rep-
resentations are fed to the speaker classification layer, with the
number of outputs equal to the total number of speakers that
occur in the training dataset. As a speaker loss Lspk we incor-
porate the Additive Angular Softmax loss function [21]. The
assignment of the estimated speaker embedding to the specific
speaker is based on the PIT result from diarization.

The final loss function L is calculated as a weighted sum
of the diarization loss Ldiar and the speaker classification loss
Lspk in the following manner:

L = (1− λ)Ldiar + λLspk, (4)
which is controlled by empirically selected λ parameter.

Table 1: The statistics of datasets used in evaluations, including
Sim2Spk sets for parameter β = 1, 2, 3, 5. All values are in %.

Dataset Sim2Spk CH1 2 3 5
overlap / speech 47.32 35.32 28.00 19.64 13.04
overlap / total 42.50 27.98 19.70 11.14 11.76
speech / total 89.82 79.23 70.37 56.72 90.15

(a) i = 1 (b) i = 2

(c) i = 3 (d) i = 4

Figure 3: Visualization of the encoder embeddings obtained by
EEND-NAA (with I = 4) at each i-th refinement iteration for
an example utterance. As labels, system decisions were used.

4. Experimental evaluation
4.1. Datasets

The experimental scenario is analogous to the one presented in
[6]. Following the procedure presented in [4], we created the
simulated 2-speaker mixtures (Sim2Spk) based on the follow-
ing datasets: Switchboard-2 (Phase I, II, III), Switchboard Cel-
lular (Part 1 and 2), and the NIST Speaker Recognition Evalua-
tion (2004, 2005, 2006, 2008). MUSAN [22] dataset was used
for noise augmentation, while [23] was used for reverberation.
The training set was composed of 100 000 mixtures, with 35.3%
speech overlap, which was accomplished by setting parameter
β from [4], which controls the amount of silence in a simu-
lated utterance, to 2. We also created four test sets consisting of
500 mixtures of 2 speakers each, for different speech overlap of
47.3%, 35.3%, 28.0%, 19.6% (by setting β = 1, 2, 3, 5).

In addition, the evaluation protocol incorporated also real,
2-speaker recordings from the CALLHOME (CH) corpus [24].
The subset was splitted into the training part used for network
fine-tuning, and the test part utilized for evaluation. The split
has been done as described in [4], which resulted in 155 record-
ings for the adaptation set and 148 recordings for the test set.
The statistics of the duration of speech, overlap with respect to
the total recording duration for all test datasets is presented in
Table 1.

4.2. System framework and evaluation measures

The system framework, along with baseline system, was imple-
mented in PyTorch, based on the available system implemen-
tations 1,2. The input features were 23-dimensional log Mel-

1https://github.com/hitachi-speech/EEND
2https://github.com/Xflick/EEND PyTorch
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Table 2: Diarization Error Rate (DER) results for the evaluated systems. The value of I indicates the number of refinement iterations
applied consistently during system training and test phases. The test set for simulated Sim2Spk data includes four different levels of
speech overlap in %. Values in the parentheses indicate the Miss (MI), False Alarm (FA) and Confusion (CF) errors.

Model Sim2Spk CH47.3% 35.3% 28.0% 19.6%
EEND-EDA 3.89 (2.1/1.7/0.2) 3.62 (2.2/1.1/0.3) 3.21 (1.7/1.1/0.4) 3.07 (1.8/1.0/0.3) 9.24 (5.5/2.7/1.0)
EEND-NAA, I = 1 4.42 (2.4/1.7/0.3) 4.09 (2.6/1.1/0.3) 3.52 (2.1/1.0/0.4) 3.31 (2.2/0.8/0.3) 8.94 (5.9/2.1/0.9)
EEND-NAA, I = 2 3.95 (2.1/1.6/0.2) 3.53 (2.4/1.0/0.2) 3.25 (2.0/1.1/0.2) 3.42 (1.9/1.2/0.3) 8.19 (4.8/2.5/0.8)
EEND-NAA, I = 3 3.59 (2.0/1.5/0.2) 3.18 (2.1/0.8/0.2) 2.97 (1.8/0.9/0.2) 2.92 (1.4/1.2/0.3) 8.10 (4.5/2.8/0.7)
EEND-NAA, I = 4 3.37 (1.9/1.3/0.2) 3.15 (2.1/0.9/0.2) 2.90 (1.7/0.9/0.3) 3.46 (1.8/1.4/0.3) 7.94 (4.4/2.7/0.8)
EEND-NAA, I = 4 + Lspk 3.23 (1.8/1.3/0.2) 2.97 (1.9/0.9/0.2) 2.77 (1.5/1.0/0.3) 3.39 (2.0/1.2/0.3) 7.83 (4.3/2.7/0.8)

filterbank coefficients, computed with context of 7. Further-
more, sub-sampling by 10 and feature time-shuffling were ap-
plied.

The Transformer encoder was built of 4 layers, with 4-head
attention mechanism, 2048 dimension in feed-forward layers,
producing 256-dimensional embeddings. The decoder was built
of 2 layers, with the same parameters as in the encoder.

During training, Adam optimizer was used with learning
rate scheduler as in [20] with 100 000 warm-up steps. The
networks where trained for 100 epochs. For each studied sys-
tem, the final model was obtained by averaging models from 10
consecutive epochs, with the epoch number selected based on
the validation loss values for that system. This procedure was
adopted to avoid network over-fitting to the training data, which
otherwise would be the case for the proposed model. Dur-
ing fine-tuning for the evaluation of the CALLHOME dataset,
Adam optimizer was also used during training for 25 epochs,
with the learning rate equal to 10−5. The final model was aver-
aged from models from 5 last epochs. Minibatch size of 64 was
used. In experiments with speaker loss, we used margin equal
to 0.3, scale 30 and set λ = 0.001.

Experiments were conducted in oracle scenario. As evalua-
tion metric we used the standard Diarization Error Rate (DER)
metric, with 0.25 s collar tolerance.

5. Results and discussion
Table 2 presents the DER results of performed experiments,
along with the Missed Detection, False Alarm and Confusion
errors. The first row represents the baseline EEND-EDA sys-
tem, while the second row represents the EEND-NAA system
without iterative refinement (i.e. with a single iteration I = 1).
Comparing these two systems, we can observe that for the sim-
ulated scenario, the EEND-NAA does not provide an improve-
ment over baseline, except for the CALLHOME set.

The block of the next three rows presents the results for
the EEND-NAA system with an increasing number of refine-
ment steps (I = 2, 3 and 4) applied during both training and
test phases. As can be observed, the application of iterative
refinement of system decisions leads to a clear gain in DER re-
sults. In particular, DER improves steadily with an increasing
iteration number for the CALLHOME and three test sets with
high speech overlap. In Figure 3, we also present T-SNE visual-
ization of encoder embeddings labeled by system EEND-NAA
with I = 4 at each iteration. As can be seen, during the first
estimation, the system recognizes mainly overlap and silence.
With each consecutive iteration, the system corrects its deci-
sions, visible especially in iterations 1-3.

The last row presents the gain achieved when, in addition,
the speaker classification loss is applied. As can be observed,

for all test sets, the incorporation of additional speaker loss im-
proves the DER results over the analogous system without such
a regularization. Moreover, from the results presented in [11]
for different number of speakers, we can expect further im-
provement in DER results for scenarios in which more speakers
occur in the recording.

For the proposed system, a consistent improvement in DER
was observed in almost all cases, except for the dataset with
β = 5 and the lowest overlap (19.6%), for which the best
performing system is EEND-NAA with I = 3. We hypothe-
sise that degradation in DER is caused by relatively high Miss
and False Alarm errors. Interestingly, for the CALLHOME set,
which also exhibits low speech overlap, this discrepancy is not
observed. Speech statistics for all datasets used during tests is
presented in Table 1. As can be observed, the set with the low-
est overlap is also characterized by the lowest number of speech
frames (56%) in general, while CALLHOME has 90%. We sus-
pect that a large proportion of silence frames impact negatively
in our system and plan to work on a solution to handle this issue.

Finally, we observed that iterative refinement results in
faster network convergence. For systems with refinement, the
training procedure from the baseline system was redundant, as
at that time the network already over-fitted to the training data.

6. Conclusions and outlook
In this paper, we presented a novel approach for system
back-end in end-to-end speaker diarization, in which we re-
place the LSTM-based encoder-decoder attractor with a novel
Transformer-based non-autoregressive approach. Furthermore,
we incorporate an iterative refinement of system decisions and
attractors; besides of adding speaker classification loss in the
training objective. This method consistently improved over the
baseline for various synthetic and CALLHOME datasets.

An interesting direction of future research will be to extend
the method to scenarios with a higher yet unknown number of
speakers and incorporate an additional mechanism to more ro-
bustly deal with non-speech segments.
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