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Abstract
We propose a novel online speaker diarization approach based
on the VBx algorithm which works well on the offline speaker
diarization tasks. To efficiently process long-time recordings,
we perform the online diarization in a block-wise manner.
First, we devise a core samples updating strategy utilizing time
penalty function, which can preserve important historical infor-
mation with a low memory cost. Then we select clustering sam-
ples from core samples by stratified sampling to enhance the
variability among samples and retain sufficient speaker identity
information, which helps VBx to improve classification accu-
racy on a small amount of data. Finally, we solve the label ambi-
guity problem by a global constrained clustering algorithm. We
evaluate our system on DIHARD and AMI datasets. The exper-
imental results demonstrate that our online approach achieves
superior performance compared with the state-of-the-art.
Index Terms: online speaker diarization, VBx, core samples,
constrained clustering

1. Introduction
Speaker diarization is a task of classifying recordings into ho-
mogeneous speaker-specific regions, i.e. “who spoke when”
[1]. Good speaker diarization results play an important role in
applications such as speech transcription, dominant speaker de-
tection, speech indexing and meeting summary [2, 3].

The existing literature on speaker diarization is extensive
and mainly focuses on speaker embedding clustering algorithms
[4, 5]. These clustering-based techniques mainly consist of
modules such as speech segmentation, speaker embedding ex-
traction [6, 7, 8, 9], and clustering [10, 11, 12, 13]. The speaker
embedding extraction module often employs i-vector [6, 7]
and some neural network-based embeddings, such as x-vector
[8] and d-vector [9]. The commonly used clustering algo-
rithms including agglomerative hierarchical clustering (AHC)
[10], k-means [11], and spectral clustering (SC) [12]. Among
them, variational Bayesian hidden Markov model with x-vector
(VBx) [13] achieved compelling performance and ranked first
in DIHARD-II Challenge [14]. However, the problem of over-
lapping speech is the pain point of clustering-based diariza-
tion methods and has not been effectively dealt with due to the
hard clustering. Recently, end-to-end neural speaker diarization
(EEND) [15, 16, 17] and target-speaker speech activity detec-
tion (TS-VAD) [18] have been proposed to better handle the
speaker overlap regions.

The methods discussed above are all offline methods. There
are still relatively little studies on online speaker diarization.
Compared with the offline diarization, the online speaker di-
arization is more challenging which needs to assign speakers
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in the arriving recordings on the fly. A superior online system
should correctly classify speakers and be able to detect emerg-
ing speakers in real time. There is always a tradeoff between
the high accuracy and low latency in online diarization task.

Some of the early research have been conducted based on
GMM-UBM systems [19, 20, 21]. Speaker adaptation is a
joint denominator of these online systems. In [22], incremental
learning was applied to a VBHMM-based speaker classification
system to iteratively update the model parameters with the on-
line EM algorithm. The graph-based reclustering process [23]
was also designed to improve the performance of chkpt-AHC
online diarization system. In addition to online system based
on traditional clustering methods, Google proposed a fully su-
pervised framework UIS-RNN [24], which can obtain better re-
sults than unsupervised online system when annotation data are
available. Subsequently, the UIS-RNN was modified by propos-
ing a new loss function and speaker turn modeling [25] to im-
prove the performance. Furthermore, a common idea for on-
line diarization is to perform clustering from scratch whenever
new data arrive. In [26], the X-means was utilized to perform
clustering, which is more efficient than k-means. An update
mechanism was also designed to modify historical errors. How-
ever, this method has its limitation in long-time recordings, so
some studies use a block-wise process approach, where clus-
tering is conducted on a limited number of segments at a time.
In [27], Coria et al. proposed end-to-end speaker segmentation
neural network on a sliding window of five-second long to per-
form segmentation, then obtained the final labels by incremen-
tal clustering. In [28, 29], buffer mechanism was used to apply
EEND to online systems. The authors compared four strategies
for selecting data to fill the buffer, and yielded comparable re-
sults with the baseline system on DIHARD-II. Both systems are
capable of dealing with overlapping speech.

In this paper, we try to solve the challenging online speaker
diarization task. First, we use VBx, which is robust and works
well in offline tasks, as a baseline to build the online system by
block-wise processing. As most of the current online diarization
algorithms are based on the improvements of existing offline al-
gorithms, and predictably, online systems always track offline
algorithms in terms of performance. Then, unlike [27], [29], we
propose a new selection strategy to keep the most representa-
tive N segments of each class in the historical contexts, named
core samples. Whenever new data arrive, L samples are drawn
from the core samples in a stratified sampling manner and sent
to VBx with the new sample to perform clustering. Finally, due
to the unsupervised manner in VBx, the label ambiguity prob-
lem occurs. Therefore, we utilize the constrained clustering to
solve the label matching problem. We conducted experiments
on the widely used real datasets, namely DIHARD and AMI,
and achieved comparable or even better diarization results than
offline systems.
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Figure 1: The pipeline of our online diarization system.

2. Proposed Method
2.1. Overview

Most of the online diarization systems are based on improve-
ment of existing offline algorithms, such as GMM-UBM [20,
21], EEND [29], and depend on offline algorithms in terms of
performance. Specially, VBx is quite robust and performs well
on offline speaker diarization tasks. However, there is no liter-
ature on developing online systems based on VBx so far. Dif-
ferent from other VBHMM-based systems, VBx only applies a
standard normal prior distribution to the hidden variables. VBx
does not assume a prior distribution for the transition probabil-
ities, limiting the modification of VBx to online manner, which
is similar to [22]. Towards this end, we use a block-wise tech-
nique to construct an online system to take advantage of high
classification accuracy of VBx.

The whole framework is illustrated in Fig 1. Our sys-
tem contains three dynamic memory modules: the core sam-
ples module, the clustering samples module, and the global
centroids module. The core samples module stores some of
the most representative samples of each category. The clus-
tering samples module stores the L samples drawn from the
core samples module. The global centroids module stores the
center of each category in historical data. Although VBx con-
tains a time-consuming resegmentation module, VBx can still
meet real-time requirements because of executing on a small
amount of data at a time. Furthermore, benefiting from the
core samples module, we do not have to store all the histori-
cal data, which reduces the memory cost. Similar to other un-
supervised clustering-based algorithms, the online VBx system
suffers from label ambiguity problem. We address this issue by
global constrained clustering method. In addition, we design
a core sample update mechanism based on time penalty func-
tion, which further improves the performance. Details of the
proposed system are described in the following subsections.

2.2. Core Samples Updating

In the block-wise process with a fixed block size, the classi-
fication accuracy of VBx on fewer data is decisive for the fi-
nal classification result. Obviously, VBx has a high classifica-
tion accuracy when the data distribution of different categories
in the block is relatively different. A natural idea is to use a
sliding window to select samples in blocks, but it is difficult to
include sufficient speaker identity information. In contrast, di-

rectly selecting samples from historical samples to capture suf-
ficient permutation information requires maintaining all histor-
ical data, which increases memory cost as speech duration in-
creases. And the quality of the selected samples may be uneven.
Therefore, we aim to ensure that the data within a block contain
sufficient speaker identity information while data in the same
class are as aggregated as possible. The different classes are as
far away from each other as possible. To this end, we propose a
dynamic memory module to retain the most representative sam-
ples of each category (namely, the speaker identity), called the
core samples. In the following, we will describe the process of
constructing and updating the core samples in real time.

We set the maximum allowed number of each class in
the core samples to N . After processing some of the data,
we have global centroids, Xcent = {Xcent

1 ,Xcent
2 , ...,Xcent

C },
where C is the number of speakers that have appeared. Xcent

i

is obtained by averaging all embeddings contained in clus-
ter i. And core samples Xcore = {Xcore

1 ,Xcore
2 , ...,Xcore

C },
Xcore

c = {xcore
c,i1 ,x

core
c,i2 , ...,x

core
c,iN

}, where ik is the core sam-
ple index in the historical data. If the new sample xt belongs
to class c, add xt to Xcore

c . Supposing that the sample number
of class c in the core samples is greater than N at this point, the
core sample xcore

c,i with the lowest score in Xcore
c is to be deleted.

The common score is calculated by the cosine similarity be-
tween the core sample xcore

c,i and the center of the corresponding
class Xcent

c :
d(c, i) = cos(xi,X

cent
c ) (1)

This score function does not take the time decay into account. In
fact, the accuracy of the classification results of the samples that
appear earlier in Xcore

c is relatively low, and the impact on the
future samples is also relatively small. Accordingly, we design a
time penalty function ft(i) according to the proximity between
xcore

c,i and xt. We believe that all samples in Xcore
c whose dis-

tance from the new sample xt is greater than Ninvl have the same
impact on the new sample. Here, ‘distance’ refers to the differ-
ence between the time sampling indices. Therefore, the time
penalty function ft(i) is designed as a piece-wise function:

ft(i) =

{
1 t− i ≤ Ninvl

λ t− i > Ninvl
(2)

Finally, our score function considers the effects of both spatial
and temporal proximity. At time t, the score of the core sample
xcore

c,i is expressed as:

dt(c, i) = d(c, i) ∗ ft(i) (3)
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2.3. Stratified Sampling

As mentioned earlier, in addition to ensuring the discrepancies
of the speaker identities in blocks, the clustering samples should
also contain sufficient identity information. Therefore, we se-
lect L samples from the core samples by stratified sampling
to fill in the clustering samples. In the case of a large num-
ber of categories and sizable differences between categories,
using stratified sampling can better draw representative sam-
ples. Compared with the standard stratified sampling, there
are two modifications in the proposed method. On one hand,
when the number of samples of a certain class in the core sam-
ples is very small, we do not choose according to its propor-
tion, but all of them. This can avoid serious category imbal-
ance in the clustering samples. Given core samples Xcore =
{Xcore

1 ,Xcore
2 , ...,Xcore

C }, here we assume that the number of
each class is nc, and n1 ≤ n2 ≤ ... ≤ nC . If

∑C
i=1 ni ≤ L,

then all data in core samples are fed into clustering sample. Oth-
erwise, the number of samples that should be selected for each
category is

li =





ni i < C and ni ≤ nmin

pi i < C and ni ≥ nmin

L−∑C−1
i=1 li i = C

(4)

where pi =
[

ni∑C
i=1 ni

× L
]
. Here [·] means rounding up. nmin

is the minimum number of each category allowed to be selected
by all. Considering the importance of the samples closer to the
new sample, we pick the latest li samples instead of picking
them randomly. It is noteworthy that the selected samples are
arranged according to their relative order in the historical data.
The selected samples are then concatenated with the new sam-
ple and finally fed into the VBx classifier for classification.

2.4. Global Constrained Clustering

After we obtain the initial label of the new sample by VBx,
we cannot determine whether the new sample belongs to an ex-
isting class or from a new speaker due to the label ambiguity
problem. Inspired by [30], we solve this problem by a simple
global constrained clustering algorithm. Given the classifica-
tion result of VBx classifier, we calculate the local centroids,
XVBx = {XVBx

1 ,XVBx
2 , ...,XVBx

C′ }. XVBx
c′ is the average of

the x-vector of cluster c′ in the block. Using local and global
centroids to construct similarity matrix D ∈ RC×C′

, whose
elements are defined as:

dij = cos(Xcent
i ,XVBx

j ) (5)

We match the local category with the global category by the
similarity matrix. It should be noted that different classes in
the local category cannot be matched to the same class in the
global category. To achieve this goal, we define a weight matrix
W with elements initialized as ones. The matching process
mainly consists of two steps: maximum value matching and
weight updating. First, we obtain the most likely pair of indices

(l, k) = argmax
i,j

(D ⊙W ) (6)

where the samples in local cluster k most likely belongs to
global cluster l. Here ⊙ denotes element wise product between
two matrics. Then we update weight matrix W

W [l, :] = W [:, k] = 0 (7)

Through Eq.(7), different speakers in the VBx output are not
matched to the same global label. Repeat the above two steps
until the similarity matrix becomes a zero matrix. If the class of
a new sample does not match the global class at the end of the
matching process, the new sample belongs to a new speaker.

3. Experiments
3.1. Experimental Setup

We evaluate diarization error rates (DER) [31] on DIHARD-II
[14], DIHARD-III [32] and AMI datasets [33]. The DIHARD-
II and DIHARD-III datasets contain 11 subsets with audio du-
ration of 5-10 minutes. The AMI corpus is a widely used con-
ference corpus with longer duration, in average half an hour per
audio. We divide the AMI dataset into train, dev, and eval sets
using the division criteria in [34].

Clustering is built on speech segments. We set the length
of overlapping sliding window to be 2s and the overlap ratio is
50%. Whenever a two-second speech segment arrives, we ex-
tract an embedding for it. We use the same recipe published
by BUT speech team 1 to extract x-vectors. In the offline VBx
model, the parameter controlling iteration stop ϵ is set to 1e-5.
In the online model, we found that setting ϵ to 0 is able to get re-
sults comparable to 1e-5 while taking less time. The maximum
number N of storage allowed for each class in core samples is
set to 120. We use the development datasets to tune other pa-
rameters and evaluate our systems on the evaluation datasets.
For all the datasets, oracle boundary information is applied.

3.2. Ablation Experiments

Table 1 compares the impact of four selection strategies and
two label matching methods on the performance of the online
system at different block sizes. We carry out experiments with
three block sizes of 60, 90, 120 segments. ‘Sliding Window’
means using the latest L segments to classify with new seg-
ments each time. ‘Historical Samples’ indicates stratified sam-
pling from all historical data as mentioned in Section 2.3. The
third and fourth lines are all stratified sampling from the core
samples, and the difference lies in the criterion for updating
core samples. The third line does not consider time decay and
updates the core samples based on cosine similarity only. The
fourth line uses piece-wise time penalty. All four systems use
global constrained clustering for label matching. The fifth line
indicates that instead of using global constrained clustering, la-
bel matching is performed using the reconciliation algorithm
used in [26]. From this table we can make several observa-
tions. First, the performance of online diarization is positively
correlated with the block size regardless of the selection strat-
egy. This is consistent with our empirical knowledge, i.e., when
keep the chosen clustering algorithm, the more information we
can utilize in classification, the more accurate the classification
results will be. Second, our proposed method can efficiently
process the long-time recordings. By comparing the different
selection strategies, using core samples with piece-wise time
penalty has achieved the best performance on both DIHARD-
III and AMI evaluation sets. It is worth noting that the best
results of online system on AMI are very close to offline VBx
results. However, on the DIHARD-III evaluation set, the perfor-
mance improvements brought by core samples are not as signif-
icant as those on AMI. There is a disparity with offline VBx.
This is because DIHARD-III contains recordings from multiple

1https://github.com/BUTSpeechFIT/VBx
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Figure 2: Visualization of L samples selected by four different selection strategies: (a) sliding window, (b) stratified sampling from
historical data, (c) core samples without time penalty, and (d) core samples with piece-wise time penalty.

Table 1: DERs(%) of offline VBx and online systems with differ-
ent selection strategies and block sizes on AMI and DIHARD-III
evaluation sets.

System
Online

AMI DIHARD-III

N=60 N=90 N=120 N=60 N=90 N=120

Sliding Window 23.8 21.9 21.3 21.8 20.6 20.0
Historical Samples 23.3 20.6 20.1 21.0 20.1 19.7
Core Samples+Eq.(1) 23.7 22.7 22.1 20.7 19.9 19.6
Core Samples+Eq.(3) 22.9 19.7 19.0 20.6 19.9 19.3

-w/o Constrained 23.3 20.0 19.5 21.7 20.3 19.9

Offline VBx 18.3 15.7

complex domains, resulting in poor performance of the online
system. Furthermore, selecting core samples requires sufficient
historical data, but the audio duration in DIHARD-III dataset
is relatively short. Third, the global constrained clustering can
deal with label matching problem well, yielding better results
than reconciliation algorithm. The reason is the reconciliation
algorithm in [26] only performs label matching on the selected
blocks and does not make use of the global information.

In order to intuitively demonstrate the differences among
sample selection strategies, we select a recording in the AMI
evaluation set and visualize the 120 segments selected by the
four selection strategies at the same time index in Figure 2.
Each dot in the figure represents a x-vector based segment. Dif-
ferent colors represent different speakers in each subfigure. Fig-
ure 2 demonstrates that the segments selected from the sliding
window do not contain sufficient speaker identity information.
The samples selected from the core samples with time penalty
contain more differences than those directly obtained from his-
torical data. What’s more, the number of different categories is
more balanced, which may help to achieve better performance
in our system.

3.3. Results for Different Diarization System

To verify the validity of the proposed method, we compare our
method with other existing results on DIHARD-II evaluation
set in Table 2. Here, we select clustering samples from the core
samples and update core samples with Eq.(3), where λ is set to
0.2 and Ninvl is 30. The proposed online system achieves a DER
of 23.1%, which outperforms the UIS-RNN-SML and FLEX-
STB. Moreover, compared with DIHARD-II official baseline,
our approach yields a 11.2% relative diarization error rate re-
duction. However, similar to the results on DIHARD-III, there

Table 2: DERs(%) results on DIHARD-II evaluation set.

System Method DER

Offline DIHARD-II Baseline [14] 26.0
VBx [34] 18.6

Online
UIS-RNN-SML [25] 27.3
FLEX-STB [29] 25.8
Proposed 23.1

is still a large performance gap compared with offline VBx. The
results indicate that the application of online speaker diarization
in difficult scenarios is still in its infancy.

3.4. Real Time Analysis

Our experiments were performed on one NVIDIA Geforce RTX
3090 GPU. To analyze the real-time performance of our online
system, we calculate the average time required to process a seg-
ment. This is obtained by dividing the time to process the entire
dataset by the total number of segments. Here each segment
is 2s. The average time per segment is 0.2s on AMI dataset
and 0.25s on DIHARD dataset. This delay is acceptable for an
online system.

4. Conclusions
In this paper, we propose an online speaker diarization method
that can handle long-time recordings. Specifically, we exploit
the high classification accuracy of VBx through a block-wise
approach and introduce a time-decay-based core sample se-
lection mechanism to further improve the classification perfor-
mance of VBx on a small amount of data. In addition, we use
global constrained clustering to solve the label matching prob-
lem. Moreover, our approach can also be expanded to other of-
fline clustering algorithms. Experimental results on DIHARD
and AMI datasets suggest that our online system can efficiently
process the long-time recordings. Future work will focus on
handling overlap regions in an end-to-end manner.
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