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Abstract
End-to-end speaker diarization approaches have shown excep-
tional performance over the traditional modular approaches. To
further improve the performance of the end-to-end speaker di-
arization for real speech recordings, recently works have been
proposed which integrate unsupervised clustering algorithms
with the end-to-end neural diarization models. However, these
methods have a number of drawbacks: 1) The unsupervised
clustering algorithms cannot leverage the supervision from the
available datasets; 2) The K-means-based unsupervised algo-
rithms that are explored often suffer from the constraint viola-
tion problem; 3) There is unavoidable mismatch between the su-
pervised training and the unsupervised inference. In this paper,
a robust generic neural clustering approach is proposed that can
be integrated with any chunk-level predictor to accomplish a
fully supervised end-to-end speaker diarization model. Also, by
leveraging the sequence modelling ability of a recurrent neural
network, the proposed neural clustering approach can dynami-
cally estimate the number of speakers during inference. Exper-
imental show that when integrating an attractor-based chunk-
level predictor, the proposed neural clustering approach can
yield better Diarization Error Rate (DER) than the constrained
K-means-based clustering approaches under the mismatched
conditions.
Index Terms: Speaker diarization, end-to-end neural diariza-
tion, neural clustering

1. Introduction
Speaker diarization, which is often referred to as ”who speaks
when” problem, is an important speech processing task. The
goal of a speaker diarization system is to estimate the tem-
poral boundary of each talking speakers in real audio record-
ings [1, 2]. Traditional speaker diarization approaches first
segment the audio streams into speech and non-speech re-
gions, then the embeddings representing speaker character-
istics are extracted from each speech frame. Popular used
speaker embeddings include i-vectors [3], d-vectors [4, 5], and
x-vectors [6]. After the speaker embeddings are extracted, the
embeddings belonging to the same speaker are clustered using
unsupervised clustering methods to yield the diarization results,
where agglomerative hierarchical clustering (AHC), K-means
clustering, and spectral clustering are commonly used meth-
ods. Various speaker embeddings and clustering techniques
have been explored for speaker diarization tasks in [7, 8]. Al-
though the traditional approaches can give good performance on
various datasets, the main disadvantages of them are twofolds:
first, in these approaches multiple components need to be opti-
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mized using separate criteria and second, it is difficult for them
to deal with overlapped speech as the unsupervised clustering
normally assumes that each segment can only be assigned to
one speaker. Although recently some approaches are proposed
leveraging the supervised neural clustering models to improve
the diarization performance, such as the unbounded interleaved-
state recurrent neural network (UIS-RNN) [9] and Discrimina-
tive Neural Clustering (DNC) [10] approaches, they still suffer
from the aforementioned two problems.

To solve those problems, end-to-end joint optimization-
based models have been proposed which form the speaker di-
arization problem as a multi-label classification problem. The
goal of these end-to-end framework is to achieve the diariza-
tion by a single neural network that is trained to directly op-
timize the diarization performance. The self-attentive EEND
approach proposed in [11] was optimized to calculate diariza-
tion results for every speaker in a mixture from input audio fea-
tures using permutation invariant training (PIT) [12]. EEND
can only handle scenarios where numbers of speakers are fixed.
It was later extended to deal with variable number of speak-
ers by the end-to-end diarization model with encoder-decoder
based attractor (EEND-EDA) [13] and speaker-wise conditional
EEND (SC-EEND) [14]. Although previous experiments have
shown that these end-to-end models can have a better or simi-
lar performance as the traditional methods, they fail to handle
some complicated situations, for example, long-form speech.
In order to address these issues, some approaches have been
proposed to combine the advantages of both end-to-end models
and unsupervised clustering algorithms as a two-stage frame-
work [15, 16]. These two-stage approaches normally divide the
complete audio sequence into chunks. Each chunk is processed
by a neural-network-based model separately. An unsupervised
clustering algorithm is then applied to determine the speaker
correspondence among chunks. EEND-vector [15, 16] extends
the EEND so that it can both diarize the subsequence and extract
corresponding chunk-level speaker embeddings. These embed-
dings are clustered using the COP-K-means algorithm [17].
This approach enables the original model to process long over-
lapped speech. Thus, it combines the advantages of both clus-
tering and the EEND-based method. The approach proposed
in [18] incorporates local attractors with the EEND-EDA model
which splits the sequence after feeding it into the encoder and
replaces the linear decoder with a local encoder-decoder-based
attractor calculation module, in order to deal with the mismatch
of the number of speakers between training and evaluation.

However, these methods use a constrained unsupervised
clustering algorithm as the post-processing, which have some
limitations: 1) Some constrained clustering algorithms like
COP-K-means are not robust enough. They can not handle con-
flicts between constraints. These conflicts may be caused by
incorrect estimation of the number of speakers. 2) The unsu-
pervised clustering algorithms are only used in the inference
stage. Although extra loss functions have been applied to make
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the training to be consistent with the inference, there is still un-
avoidable mismatch between the supervised training and unsu-
pervised inference stages. This mismatch is especially obvious
when estimating the number of clusters, which is required by
most clustering algorithms.

To mitigate the problems of using unsupervised clustering
algorithms and achieve reliable diarization for real speech, in
this paper we propose a generic supervised neural clustering
algorithm for speaker diarization based on recurrent neural net-
work. The proposed approach can leverage the advantages of
both the Transformer-based end-to-end framework and the neu-
ral clustering approaches that have been explored in [9, 10].
First, the proposed neural clustering network can be jointly op-
timized with the front end processing and the embedding ex-
traction modules, thereby accomplishing a fully supervised the
end-to-end optimization and achieving more efficient use of the
annotated data. Second, during inference it is able to dynami-
cally estimate the number of speakers in the same way as train-
ing. Finally, the proposed neural clustering approach is generic
in the sense that it can be integrated with any chunk-level pre-
dictor such as the EEND-EDA-based or EEND-vector models.

2. Proposed Framework: EEND with
Neural Clustering

2.1. Overview of two-stage frameworks

A neural end-to-end diarization model receives a sequence of
acoustic features F ∈ RD×T as the input, and outputs the active
probabilities of each speaker Y ∈ (0, 1]S×T , where D is the di-
mension of features, T is the length of input frames and S is the
number of speakers. A two-stage diarization framework nor-
mally consists of two parts: the chunk-level predictor processes
the chunk-level subsequences and calculates local speaker rep-
resentations called attractors. These attractors are then fed into
the clustering module which concatenates the diarization result
of each chunk with the speakers being reordered correctly. Such
two stages are jointly optimized with a loss function L:

L = Lpre + Lpost.

Here Lpre is the loss function of the predictor, which mainly
focuses on the internal diarization results of blocks. And Lpost

aims to train the clustering module among different blocks.
Such a proposed neural clustering approach can be inte-

grated with any chunk-level predictor. Without loss of gener-
ality, in this paper we will focus on its integration with the the
EEND-EDA predictor with local attractors [13, 18] to deal with
the mismatch of number of speakers. In the EEND-EDA frame-
work, the input frames are firstly fed into a stack of Transform-
ers, and the output of encoder E is then split into N chunks,
E = {En}Nn=1, En ∈ RD×L, where L is the size of chunk.
A chunk-level predictor is applied on each chunk separately.
The details of this predictor will be given in Section 2.2. After
the chunk-level prediction stage, the proposed neural clustering
module then re-concatenates the outputs together, which will be
described in Section 2.3.

2.2. Chunk-level diarization and attractor extraction

Similar to [18], the chunk-level predictor is a local encoder-
decoder-based attractor (EDA) calculator aiming to diarize sub-
sequences and to calculate speaker attractors. it consists of an
EDA module and a Transformer decoder layer.

The details of an EDA module can be found in [13]. It can
be defined as ân, ẑn = EDA(En), where ân ∈ RD×Sn is the

speaker representation and ẑn ∈ (0, 1]Sn is the corresponding
existence probabilities. The chunk-level active probability is
computed by yn = σ(ET

n · ân) ∈ (0, 1]L×Sn .
The chunk-level predictor is trained with two losses,

namely the attractor existence loss and diarization loss. The at-
tractor existence loss optimizes the estimation of each speaker’s
existence and the diarization loss optimizes the active probabil-
ities with a permutation-invariant training method [19]:

Lattr =
1

N

N∑

n=1

BCE(ẑn, zn), zn = [1, · · · , 1︸ ︷︷ ︸
Sn

, 0], (1)

Ldiar =
1

T

N∑

n=1

1

Sn
min
ϕ∈Φn

(BCE(yn, lnϕ)). (2)

Here Φn is the set of all possible permutations of Sn speakers
in the current chunk and lnϕ ∈ {0, 1}L×Sn is the correspond-
ing diarization label. The total loss of chunk-level predictor are
calculated as:

Lpre = Ldiar + Lattr. (3)

Since the local attractors are optimized to minimize the di-
arization error, they can not be used as the input for the neural
clustering model directly. As in [18], the local attractors, ân,
are converted using a Transformer decoder before clustering:

an = TransformerDec(ân, E).

2.3. RNN-based clustering methods

On the basis of the chunk-level predictor, we get pairs of at-
tractors and diarization results for each chunk {(an

i , y
n
i )}Sn−1

i=0 .
The goal of the neural clustering module is to reorder them by
the optimal correspondence among chunks.

In this paper, we explore a recurrent neural network (RNN)
for the neural clustering because of its sequence modelling abil-
ity. Gated recurrent units (GRUs) [20] are leveraged for the
clustering. As shown in Figure 2, the hidden states of the GRU
cell can play a similar role as clusters in the unsupervised clus-
tering algorithms [9], which are used to model the global speak-
ers. However, instead of being fixed during each iteration, these
hidden states are updated adaptively according to the estimation
of the attractors for each chunk. Thus, the estimation of the di-
arization outputs can be further split into two steps, namely the
prediction and update steps. The details of these two steps are
described as follows.

The prediction step aims to associate chunk-level attrac-
tors with the global hidden states, for which the RNN cluster-
ing (RC) model is optimized to estimate the probability pni =
(pnij)j ∈ (0, 1]C that the input attractor an

i belongs to each
speaker, which can be calculated as:

pni = softmax
(
(an

i )
Thn−1

)
,

where hn−1 = (hn−1
j )j ∈ RD×C are the previous hidden

states. C is the number of clusters present before. During the
training phase, all hidden states have been initialized in the be-
ginning, so C is equalled to S + 1.

Although the attractors are still out of order at this stage,
we can link each attractor to a hidden state vector with the op-
timal permutation ϕn using Equation (2). Thus, the targets for
training such a sequential clustering model are formed as:

rnij =

{
1 ϕn

i = j
0 otherwise. (4)
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Figure 1: Diagram of the RNN-based sequential clustering method. Every color represents an individual speaker. hi is the set of all
GRU hidden states after the i-th block. Each hidden state corresponds to a speaker appeared in previous chunks.

Because the optimal permutation has been estimated using
Equation (2), permutation-invariant training is not required at
this stage. Thus, a cross entropy (CE) loss is used to optimize
the RNN clustering model:

Lpost =
1

N

N∑

n=1

(
1

Sn

Sn−1∑

i=0

C−1∑

j=0

−rnij · log(pnij)
)
.

After the prediction step, the goal of the update step is to
adaptively adjust the hidden states at each step given the esti-
mate of the attractors. Because rnij provides a mapping from the
ith attractor, an

i , to the jth hidden state, hn
j , the hidden states

can be updated using a teacher-forcing strategy [21]:

hn
j =

{
hn−1
j ∀i rnij = 0

GRU(an
i , h

n−1
j ) ∃i rnij = 1.

(5)

For the inference, the number of speakers is unknown. To
dynamically estimate the attendance of new speakers, an ini-
tialized h0 is concatenated with the previous states at every
step. The optimal speaker permutation ϕn, is estimated by:
ϕn = argmaxϕ∈Φ′

∏Sn−1
i=0 pni,ϕi

, where Φ′ is the set of all
possible permutations. It should be noticed that a cannot-link
exists between every pair of attractors in the same chunk, there-
fore each hidden state except for the new one can be linked to
no more than one attractor. Then the hidden states are updated
according to Equation (4) and (5).

After obtaining each ϕn, the final output of the diarization
is reordered by replacing the chunk-level output yn

i with yn
ϕn
i

.

3. Experiments
3.1. Data

To evaluate the performance of the proposed RNN nerual clus-
tering integrated EEND- EDA approach, namely the EDA-RC
approach, training and test datasets with different number of
speakers were generated. The simulated datasets were gener-
ated using the data from the LibriSpeech[22] 360 hours of clean
speech. The sampling frequency is 8kHz. We firstly selected n
speakers from this dataset. Then for each speaker, [30/n, 60/n]
utterances were randomly selected. This simulating procedure
was identical to the one that was introduced in [11]. It worth
noting that the average length of silence intervals between utter-
ances varied in order to maintain the overlap ratio in a reason-
able range. The simulated training set includes 100,000 samples
with 3 speakers. The details of the test sets for the simulation
data, LS 3, LS 4 and LS 5, are given in Table 1.

The CALLHOME dataset, i.e., NIST SRE 2000
(LDC2001S97, Disk-8) [23], was used to further evaluate
the performance on the real data. This dataset has been widely
used for speaker diarization experiments, which contains 500
sessions of multilingual telephonic speech. Although each
session has 2 to 6 speakers, there are 2 dominant speakers
in each conversation. For the experiments, it was split into
training and test sets using the tools provided in the Kaldi
Toolkit diarization recipe [24]. Samples with ≤ 3 speakers in
the training set were picked to train the models. The test set
was further split with various numbers of speakers in order to
evaluate the performance of approaches for both matched and
unmatched conditions.

Table 1: Summary of datasets that are used in the experiments

Dataset Source #Spk #Sample Overlap(%)

LS train LibriSpeech 3 100,000 49.6
LS 3 LibriSpeech 3 500 42.7
LS 4 LibriSpeech 4 500 44.6
LS 5 LibriSpeech 5 500 45.2

CH ft CALLHOME 1 2-3 216 16.2
CH test CALLHOME 2 2-6 250 16.7

3.2. Experimental Setup

We use 23-dimensional log-Mel-filterbanks with a 25-ms frame
length and 10-ms frame shift as the input feature. Feature vec-
tors were concatenated with their neighboring [−7, 7] frames
and the concatenated features were subsampled by a factor of
ten. Therefore, the total input dimension was 345 and the in-
terval between frames was 100ms. This configuration was the
same as that used in [11]. The training samples were fed into
models every 500 frames while the test samples remain un-split.

The baseline approaches include both one-stage and two-
stage end-to-end approaches: the EEND approach [11],
the EEND-EDA approach [13] and the EEND-EDA with a
COP-K-means unsupervised clustering on the local attractors
(EDA+COP-K-means) [18]. For the EEND and EEND-EDA
approaches, a 4-layer Transformer with 256 hidden units were
used as the encoder. Each layer had 4 heads and a dropout rate
of 0.1. The end-to-end models were trained for 50 epochs with a
batch size of 32. An Adam optimizer [25] with the same learn-
ing rate scheduler in [26] was used during training.

For the EDA+COP-K-means and EDA-RC approaches, the
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chunk size was set to 50. Parameters of the EDA chunk-level
predictor were the same as those in EEND-EDA. The models
were trained for another 20 epochs by an Adam optimizer with
a learning rate of 10−5. Diarization Error Rate (DER) was used
as the evaluation metric. Errors less than 0.25s around bound-
aries were tolerated. Please note that for the DER computation,
all of the errors were evaluated including the overlapping speech
segments. For EDA-RC, a beam search strategy was applied
during decoding and the beam size was set to 3. Models of the
last 1/10 epochs were averaged to obtain a better performance.

3.3. Experimental Results

Table 2 shows the DERs for the Librispeech-based simulated
datasets. Please note that the switching strategy described in
[18] is not adopted here, because the main purpose is to compare
the unsupervised and supervised clustering methods instead of
an overall performance. As expected, it can be seen that EEND
and EEND-EDA approaches can yield performance for matched
conditions but get worse with the increase of speakers. On the
other hand, the EDA+COP-K-means approach takes an obvious
advantage over the EEND-EDA approach and it outperforms
the EEND-EDA by about 10% DER under mismatched con-
ditions. For our proposed EDA-RC approach, it further gives
a DER reduction of 1.66% and 1.56% compared to the base-
line approaches under mismatched conditions while the perfor-
mance does not degrade much for the matched conditions.

Additionally, a refine method is applied to the EDA-RC,
where an extra decoding process was conducted with the hidden
states initialized as the first-pass decoded hidden states. Table 2
shows that this strategy can yield small performance gains when
the number of speakers is large. Finally, the performance of the
EDA-RC with the oracle permutations (oracle) is also given as
a reference. This shows the performance upper bound of the
clustering integrated EEND approaches as the correct clustering
methods are used to reorder the speakers of each chunk.

Table 2: Diarization Error Rate (%) on simulated datasets. All
models are trained with the 3-speaker training set.

match mismatch

Models two-stage LS 3 LS 4 LS 5

EEND [11] % 5.19 - -
EEND-EDA [13] % 4.93 33.79 41.82
+ COP-K-means [18] ✓ 6.93 22.48 32.36

EDA-RC (ours) ✓ 5.17 20.82 30.80
EDA-RC+refine (ours) ✓ 5.64 20.92 30.23

EDA-RC (oracle) ✓ 4.39 8.70 10.83

In order to compare the performance on real audio record-
ings, models were also finetuned on the CALLHOME real
datasets. Table 3 shows the DERs on CALLHOME. The pro-
posed EDA-RC approach yields 25.46% and 35.79% DER for
the 4 and 5 speakers’ conditions, which corresponds to about
12.8% and 9.0% relative reduction compared to the EDA+COP-
K-means approach. This validates the effectiveness and robust-
ness of the proposed RNN-based clustering model.

To make a more comprehensive comparison, a switch-
ing strategy that can dynamically decide whether to decode at
chunk level or global level according to the potential number of
speakers is also applied [18] in this case. Thus, a global EDA
loss is further added during the pretraining and finetuning of the

Table 3: Diarization Error Rate (%) on real dataset CALL-
HOME with different numbers of speakers.

match mismatch

Models 2 3 4 5

EEND [11] 11.77 17.65 - -
EEND-EDA [13] 10.91 17.05 25.36 38.58
+ COP-K-means [18] 12.34 20.23 29.21 39.34

+ switch[18] 11.51 18.51 25.19 39.01

EDA-RC (ours) 13.18 18.66 25.46 35.79
+ switch 11.78 18.20 26.57 37.04

EDA-RC (oracle) 11.91 14.50 17.69 18.93

EDA-RC model.
We notice that the gap between the clustering-integrated

approaches and the conventional ones are rather small. This
may be caused by the mismatch of data. As mentioned in Sec-
tion 3.1, CALLHOME consists of real conversational speech
where there are only two dominant speakers while all speakers
have the same priority in the simulated data. Even though, with
the switching method, clustering-integrated approaches can also
have a better performance in some cases.

Considering an unsupervised clustering algorithm does not
require a temporal order, it would be interesting to investigate
the sensitivity of the RNN-based neural clustering to the order
of the input chunks. The results are given in Table 4 with var-
ious shuffled ratios of samples. The DER decreased by about
1% when the order is completely shuffled, which indicates the
EDA-RC is not sensitive to the order of inputs. This may be
resulted from the position independence of the Transformer en-
coder. In addition, table 4 also shows that a global EDA loss
has little influence on our EDA-RC.

Table 4: Performance of EDA-RC with the order of chunks be-
ing shuffled

w/ Lglobal shuffled ratio Test data
(%) LS 3 LS 4

- 0 5.17 20.82
- 50 5.54 21.21
- 100 5.79 21.88
+ 0 5.78 21.27

4. Conclusions and Future Work
In this paper, we propose a generic neural clustering method
for two-stage end-to-end diarization models. We evaluate our
model by solving the speaker mismatch problem of overlapped
speech recordings. And it can be extended to more applications
in the future, e.g., online EEND systems [27, 28]. Compared
to unsupervised clustering algorithms, our method is more ro-
bust and has a better performance. However, there is still some
room for improvement. For example, such a method severely
relies on the quality of local speaker representations, so a good
chunk-level predictor is important. And it is sensitive to data
adaptation, which should be solved in the future work. Apart
from this, some advanced neural architectures like self-attention
mechanism can also be used to improve the performance.
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