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Abstract
This paper proposes an online target speaker voice activity de-
tection system for speaker diarization tasks, which does not re-
quire a priori knowledge from the clustering-based diarization
system to obtain the target speaker embeddings. First, we em-
ploy a ResNet-based front-end model to extract the frame-level
speaker embeddings for each coming block of a signal. Next,
we predict the detection state of each speaker based on these
frame-level speaker embeddings and the previously estimated
target speaker embedding. Then, the target speaker embeddings
are updated by aggregating these frame-level speaker embed-
dings according to the predictions in the current block. We it-
eratively extract the results for each block and update the target
speaker embedding until reaching the end of the signal. Experi-
mental results show that the proposed method is better than the
offline clustering-based diarization system on the Alimeeting
dataset.
Index Terms: online speaker diarization, target speaker voice
activity detection

1. Introduction
Speaker diarization is the task that assigns speaker labels
to speech regions, which is a very important pre-processing
pipeline for many downstream tasks and improves their perfor-
mance, e.g., multi-speaker automatic speech recognition [1, 2].

For the conventional clustering-based diarization system, it
is still challenging to recognize the overlapping regions under
the scenarios of meeting, interview, and telephone. The reason
is that these scenarios contain lots of overlapping speech, but
the conventional clustering-based system cannot directly detect
these overlapping regions without the help of additional mod-
ules. Recently, some neural post-processing techniques have
been proposed to reduce the miss error brought by the overlap-
ping speech, including overlapping speech detection [3], target
speaker voice activity detection (TS-VAD) [4], and end-to-end
neural diarization (EEND) as post-processing [5]. The EEND
was first proposed to directly obtain the overlap-aware results
from the speech signal, which has shown superior performance
on some datasets and challenges than the clustering-based re-
sults [6, 7, 8, 9].

Although the aforementioned neural strategies have shown
significant improvement over the conventional diarization sys-
tem on multiple benchmark databases, most of them only work
in an offline manner. Recently, several online methods have
been proposed for speaker diarization [10, 11, 12, 13, 14, 15,
16]. In addition, many end-to-end methods have been extended
in an online manner. Inspired by the EEND with encoder-
decoder-based attractors (EDA) [8], Eunjung et al. [17] intro-
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duced a family of block-wise EDA-EEND (BW-EDA-EEND)
that enables online speaker diarization. Yawen et al. [18] also
proposed another online EEND-EDA model with speaker track-
ing buffer (STB) that reduces the chunk size to 1 second.

In this paper, we propose an online TS-VAD method to ex-
tend the original TS-VAD into an online manner. TS-VAD has
shown an excellent performance in many challenges in recent
years [4, 19, 20]. For the original TS-VAD, we first obtain the
target speaker embedding using a clustering-based diarization
system and then feed these embeddings to the TS-VAD model
to predict the refined diarization results. The reason that TS-
VAD has superior performance is that it can retrieve the speaker
identity from an overlapping region given the corresponding tar-
get speaker embedding.

Since the original TS-VAD is performed in a block-wise
manner, it can also be considered an online diarization system
if given the target speaker embeddings. However, the target
speaker embeddings are always obtained from the offline di-
arization system. If we also obtain these embeddings in an
online manner, this TS-VAD model can become an online di-
arization system. To cope with this, we employ a ResNet-based
front-end model to extract the frame-level embeddings that are
not only for target speaker detection but also for target speaker
embedding aggregation. This means that the TS-VAD model
and the speaker embedding extractor share the same front-end
model. The target speaker embeddings start from several zero
vectors, and they are updated given the frame-level embeddings
and estimated results of each coming block. Since the proposed
online TS-VAD model generates the diarization results from
scratch and it does not require an extra speaker embedding ex-
tractor, it can also be considered as an end-to-end model. In
addition, the computational cost is significantly reduced since
we do not need to extract the speaker embedding with another
model.

2. Proposed Online TS-VAD
2.1. Model Architecture

The model contains a ResNet-based front-end module and a
self-attention based back-end module, as shown in Figure 2.
For the front-end module, we employ a ResNet34 with a lin-
ear layer that converts the acoustic features to the frame-level
embeddings. For the back-end module, we employ an encoder
to separately extract the decision state from the concatenated
speaker embeddings. Later, given the concatenation of the de-
cision state from N different target speakers, a BiLSTM and a
linear layer are adopted to predict the final diarization results.
The model architecture is the same as that of our offline TS-
VAD model in [21], and we only change the training and in-
ference process to obtain the target speaker embedding in an
online manner. We will discuss the details of training and infer-
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Figure 1: The online TS-VAD model architecture and training process for single-channel data.

ence process in Section 2.2 and 2.3, respectively.

2.2. Training process

For the front-end, given an acoustic feature X ∈ RF×L, the
ResNet extract a temporal feature map M ∈ RC×F

8
×L

8 , where
C = 256 is the number of channels, F is the dimension of
features, and L is the number of frames. For the global statistic
pooling (GSP) layer, we take the mean and standard deviation of
the feature map in each channel, producing a 2C dimensional
vector. To extract this vector in frame-level, we perform the
GSP for each frame of the feature map M, producing T vectors
with a size of 2C, where T = L

8
. Finally, the linear layer

outputs the speaker embedding for each frame.
After we obtain the frame-level speaker embedding E =

[e1, ..., eT ] ∈ RT×D , we equally split E into two sub-
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. Next, we aggregate the left

part El to obtain the target speaker embedding using the corre-
sponding label yl ∈ {0, 1}
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, n ∈ {1, 2, ..., N} (1)

where i is the index of frames, n is the index of speakers, N
is the number of target speakers, and et

n is the target speaker
embedding of the nth speakers. Actually, equation (1) takes the
mean of all frames of the nth speaker’s frame-level embedding.
If the nth speaker does not appear in the label yl, which means
that the denominator is 0, we directly set et

n as a zero vector.
Finally, the nth target speaker embedding et

n will be re-
peated T

2
times and concatenated with the right frame-level

embeddings Er , producing a concatenated embedding Êr
n ∈

R
T
2
×2D . This is the input of the back-end module.

For the back-end module, it is the same as that of the orig-
inal TS-VAD model. The Encoder separately processes Êr

n for
each nth speaker, and then produce the frame-level detection
states for each speaker. Later, these detection states are con-
catenated again, and a BiLSTM layer with linear layer produces
the presence probabilities ŷr ∈ R

T
2
×N of all speakers. Finally,

we employ binary cross-entropy (BCE) to calculate the loss be-
tween the outputs and labels.

2.3. Inference process
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Figure 2: The inference process.

In the training process, the silence regions are removed in
advance to ensure that the model focus on learning the dif-
ference between speakers. Therefore, in the inference stage,
we also need an additional VAD model to identify the speech
frames. Once we obtain enough speech frames that form a
block, the TS-VAD model can take this block as input and pro-
duce the diarization results for this block. For convenience, we
use the oracle VAD to remove the silent frames.

The inference is performed in a block-wise manner, where
the block size is b seconds, the block shift is s seconds and



b = ks. We create a target speaker embedding buffer (TSEB)
that stores the mean of the frame-level embeddings and the cor-
responding number of frames for each speaker, which is initial-
ized by the first block. For initialization, we assume that the
signal of the first s seconds only contains one speaker, and we
obtain the target speaker embedding from the first block in the
following steps:

1. Set k
′
= 1. Directly take the mean of the frame-level

embeddings of the first s seconds as the target speaker
embedding of the first speaker, and other target speaker
embeddings are set to zero vectors. Also record the num-
ber of frames of the first embedding.

2. k
′
= k

′
+ 1. Start to infer for the signal of the first k

′
s

seconds and obtain the output ŷ ∈ RT×N . If there ex-
ist some frames that the existence probabilities of all N
speakers are lower than a preset threshold tinit, we believe
that these frames belong to a new speaker, and the corre-
sponding frames in ŷ will be set to values of 1. Then, we
update the TSEB using the binary decision of the output
ŷ and the frame-level embeddings of the first k

′
s sec-

onds with equation 1. In addition, the number of frames
of each speaker is also updated.

3. If k
′
<= k, go back to step 2. Otherwise, stop iteration

and the target speaker embeddings obtained from the first
block (the first ks seconds) will be used for inference of
the subsequent blocks.

Next, the initialized target speaker embeddings in TSEB are
the input for the next block. Since we set the block shift s small
enough, we can assume that there should be at most one new
speaker in the next s seconds. After extracting the frame-level
embeddings from this block, we can obtain the output ŷ with
the initialized TSEB. To update the target speaker embeddings,
three different thresholds are employed:

• Lower threshold tlow: If all N existence probabilities of a
frame are lower than this threshold, assign a new speaker
for this frame.

• Upper threshold tup: Only update the TSEB with the
frames whose existence probabilities are greater than this
threshold. (for higher purity)

• Decision threshold td: The threshold that used to obtain
the final diarization results from output ŷ. Usually set to
0.5.

First, we compare ŷ with tlow. If a new speaker is found, we
assign the frames of the new speaker in ŷ with values of 1. Next,
we compare the ŷ with tup and obtain the binary decision, where
the overlapping frames are excluded. Then we update TSEB
with this binary decision and the frame-level embeddings of this
block. Since we have recorded the mean of the embeddings and
the number of frames, the TSEB can be updated in the following
steps:

1. For each speaker, get the sum of all frame-level embed-
dings from TSEB given the mean and the number of all
frames.

2. For each speaker, the sum of frame-level embeddings can
be updated by adding the corresponding frame-level em-
beddings in the current block according to the binary de-
cision of ŷ.

3. Finally, update the mean of each target speaker embed-
ding and the corresponding number of frames according
to the binary decision of ŷ.

Each time a new speaker is found, we will extract the out-
put again for the current block with the updated TSEB. If TSEB
has already contains N speakers, we will not add a new speaker.
The inference and TSEB updating process can be iteratively
performed until reaching the end of the signal.

3. Experimental Results and Discussion
3.1. Dataset and Simulation

The experiments are conducted on the first channel of the Al-
iMeeting dataset [22]. This multi-channel dataset contains
118.75 hours of speech data, and it is divided into 104.75 hours
for training, 4 hours for evaluation, and 10 hours for testing.
The number of participants within one meeting session ranges
from 2 to 4. The duration of each session is about 30 minutes.
The average speech overlap ratio is 42.27% for the training set
and 34.76% for the evaluation set, respectively. More details
can be found in [22].

We create a simulated dataset from the Alimeeting Train
set, and the simulation process is as follows:

1. As each speaker in the AliMeeting dataset has a unique
identification, we select all non-overlapped speech for
each speaker from the AliMeeting Train set for simula-
tion.

2. Extract the labels from the transcript of the AliMeeting
Train set and remove all silence regions.

3. During the training stage, the simulated data is gener-
ated on-the-fly in an online manner, where we randomly
choose a segment of the label and fill the active region
with the continuous non-overlapped speech segments.

Finally, the Alimeeting Eval set is adopted for validation,
and the Test set is employed for testing.

3.2. Experimental Details

The architecture of the front-end module is the same as that in
[23] except that we double the channel size. For the back-end,
the Encoder is a 2-layer 4-head Transformer Encoder with a
1024 dimensional feed-forward layer, and the dropout is set to
0.1. The hidden size of the single BiLSTM layer is 128. The
fully-connected layer projects the output from BiLSTM to a N -
dimensional vector, where N is the number of target speakers.
In our experiment, N is set to 4 as the maximum number of
speakers is 4.

The model is directly trained on the simulated dataset for
20 epochs, where each epoch includes 25,600 simulated sam-
ples with a batch size of 16 and a learning rate of 0.0001. Later,
we continue to train the model on the AliMeeting training set
for 20 more epochs with a learning rate of 0.00001. The model
is optimized by Adam with BCE loss. The input is a contin-
uous 32-second speech signal, which means that the length of
both Xl and Xr is 16 seconds. The acoustic feature is the 80-
dimensional log Mel-filterbank energy with a frame length of
25ms and a frame shift of 10ms.

Due to the limit of the GPU memory, we cannot train the
model with a very long signal. However, this will lead to a prob-
lem that Xl only contains one or two speakers with a short dura-
tion, and the back-end module only accepts one or two non-zero
target speaker embeddings during the training stage. Therefore,
our model only shows good performance for the 2-speaker ses-
sions at first. To cope with this, we replace the Xl with a ran-
domly simulated signal that contains three or four speakers, and
the probability of replacing is set to 0.5.



Table 1: The DERs (%) of different systems on Alimeeting Eval and Test set. Both the official baseline and winner system are offline.
The online TS-VAD is performed on the first channel of the signal with b = 16 and s = 2.

Model AliMeeting Eval set AliMeeting Test set

2 spk 3 spk 4 spk Total 2 spk 3 spk 4 spk Total

Official offline baseline [22] 4.84 10.90 23.18 15.24 3.00 6.36 30.59 15.60
Winner system [21]

Offline single-channel clustering 5.00 10.06 20.54 13.79 3.25 6.79 27.85 14.54
Offline single-channel TS-VAD 0.89 6.63 5.47 4.11 - - - -
Offline multi-channel TS-VAD 0.61 3.16 3.05 2.25 0.15 5.19 4.37 2.98

Online single-channel TS-VAD 1.90 8.36 12.12 8.14 5.17 12.01 16.53 11.42

During inference stage, we test different block size b and
block shift s. For the threshold, tinit = 0.5, tlow = 0.4, tup =
0.7 and td = 0.5. We only tune the tlow and tup on the Eval set
with grid search, whereas tinit and td are set to 0.5 intuitively.

We use the Diarization Error Rate (DER) as the evaluation
metric, where a forgiveness collar of 0.25 is employed.
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Figure 3: The DERs (%) of the online TS-VAD system with dif-
ferent blocks size b and block shift s on Alimeeting Eval set.
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Figure 4: The t-SNE of the aggregated embeddings in each
block of session ”R8001 M8004 MS801”.

3.3. Results

Table 1 shows the results of the proposed online TS-VAD sys-
tem on both the Alimeeting Eval set and Test set, where the
block size is 16 seconds, and the block shift is 2 seconds. From

the results, we can find that the proposed online TS-VAD sys-
tem always shows better overall performance than the offline
clustering-based system. The reason is that the online TS-VAD
model can retrieve the speaker identity from the overlap regions.
We also notice that the performance of the online TS-VAD is a
little bit worse than the clustering-based method on the 2- and
3-speaker data in Alimeeting Test set. Actually, we find that
there is a session that shows very bad performance on each of
the 2- and 3-speaker datasets since the number of speakers is
not estimated correctly. If these two recordings are excluded
for scoring, the online TS-VAD also shows better performance
than the clustering-based method on all subsets with different
numbers of speakers. Compare with the offline single-channel
TS-VAD method of the winner system, our online method does
not show much performance degradation.

The DERs with different block size b and block shift s is
shown in Figure 3. When the block size b is fixed, inferring
with a smaller block shift s shows better performance most of
the time. The reason is that the block with larger block shift may
contains more than one new speaker, which does not satisfy our
assumption. The model reaches the lowest DER when b = 16
and s = 2, which means that latency of our method is 2 seconds,
but we need the first 16 seconds for initialization.

Figure 4 shows the aggregated embedding in each block
during inference. The embeddings from the 4 speakers are well
separated even we do not make any assumption about the target
speaker embedding during the training stage.

4. Conclusions
In this paper, we propose an online TS-VAD method, where
the target speaker embeddings are obtained in an online man-
ner. In addition, the TS-VAD model and the speaker embedding
extractor share the same front-end, which significantly reduces
the computational cost as we do not need to extract the embed-
ding with an additional embedding model. Experimental results
show that the proposed method has superior performance to the
offline clustering-based system.

However, the ResNet-based embedding may not be the best
choice as the ResNet front-end are not time-efficient for the
online task. Besides, we do not make any assumptions about
the target speaker embedding during the training stage. In the
future, we are going to employ a simpler front-end, e.g., d-
vector [24], which may be more suitable for the frame-level
embedding learning in this online scenario. In addition, we will
design new objective function on embeddings to obtain a more
stable TSEB during the inference stage. Finally, we can extend
this method to multi-channel data with some modifications to
the model architecture.
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et al., “But System for the Second Dihard Speech Diarization
Challenge,” in Proc. ICASSP, 2020, pp. 6529–6533.

[4] I. Medennikov, M. Korenevsky, T. Prisyach, Y. Khokhlov, M. Ko-
renevskaya, I. Sorokin, T. Timofeeva, A. Mitrofanov, A. An-
drusenko, I. Podluzhny, A. Laptev, and A. Romanenko, “Target-
Speaker Voice Activity Detection: A Novel Approach for Multi-
Speaker Diarization in a Dinner Party Scenario,” in Proc. Inter-
speech, 2020, pp. 274–278.

[5] S. Horiguchi, P. Garcı́a, Y. Fujita, S. Watanabe, and K. Naga-
matsu, “End-to-end Speaker Diarization as Post-processing,” in
Proc. ICASSP, 2021, pp. 7188–7192.

[6] Y. Fujita, N. Kanda, S. Horiguchi, K. Nagamatsu, and S. Watan-
abe, “End-to-End Neural Speaker Diarization with Permutation-
Free Objectives,” in Proc. Interspeech, 2019, pp. 4300–4304.

[7] Y. Fujita, N. Kanda, S. Horiguchi, Y. Xue, K. Nagamatsu, and
S. Watanabe, “End-to-end neural speaker diarization with self-
attention,” in Proc. ASRU, 2019, pp. 296–303.

[8] S. Horiguchi, Y. Fujita, S. Watanabe, Y. Xue, and K. Nagamatsu,
“End-to-End Speaker Diarization for an Unknown Number of
Speakers with Encoder-Decoder Based Attractors,” in Proc. In-
terspeech, 2020, pp. 269–273.

[9] S. Horiguchi, N. Yalta, P. Garcia, Y. Takashima, Y. Xue, D. Raj,
Z. Huang, Y. Fujita, S. Watanabe, and S. Khudanpur, “The hitachi-
jhu dihard iii system: Competitive end-to-end neural diarization
and x-vector clustering systems combined by dover-lap,” arXiv
preprint arXiv:2102.01363, 2021.

[10] J. Patino, R. Yin, H. Delgado, H. Bredin, A. Komaty, G. Wis-
niewski, C. Barras, N. Evans, and S. Marcel, “Low-latency
speaker spotting with online diarization and detection,” in Proc.
Odyssey, 2018, pp. 140–146.

[11] J. Geiger, F. Wallhoff, and G. Rigoll, “Gmm-ubm based open-set
online speaker diarization,” in Proc. INTERSPEECH, 2010, pp.
2330–2333.

[12] K. Markov and S. Nakamura, “Improved novelty detection for on-
line GMM based speaker diarization,” in Proc. Interspeech, 2008,
pp. 363–366.

[13] A. Zhang, Q. Wang, Z. Zhu, J. Paisley, and C. Wang, “Fully Su-
pervised Speaker Diarization,” in Proc. ICASSP, 2019, pp. 6301–
6305.

[14] E. Fini and A. Brutti, “Supervised Online Diarization with Sample
Mean Loss for Multi-domain Data,” in Proc. ICASSP, 2020, pp.
7134–7138.

[15] W. Zhu and J. Pelecanos, “Online Speaker Diarization Using
Adapted I-vector Transforms,” in Proc. ICASSP, 2016, pp. 5045–
5049.

[16] D. Dimitriadis and P. Fousek, “Developing on-line speaker di-
arization system,” in Proc. Interspeech, 2017, pp. 2739–2743.

[17] E. Han, C. Lee, and A. Stolcke, “BW-EDA-EEND: streaming
END-TO-END neural speaker diarization for a variable number
of speakers,” in Proc. ICASSP, 2021, pp. 7193–7197.

[18] Y. Xue, S. Horiguchi, Y. Fujita, Y. Takashima, S. Watanabe,
L. P. G. Perera, and K. Nagamatsu, “Online Streaming End-to-
End Neural Diarization Handling Overlapping Speech and Flexi-
ble Numbers of Speakers,” in Proc. Interspeech, 2021, pp. 3116–
3120.

[19] Y.-X. Wang, J. Du, M. He, S.-T. Niu, L. Sun, and C.-H. Lee,
“Scenario-Dependent Speaker Diarization for DIHARD-III Chal-
lenge,” in Proc. Interspeech, 2021, pp. 3106–3110.

[20] W. Wang, D. Cai, Q. Lin, L. Yang, J. Wang, J. Wang, and M. Li,
“The DKU-DukeECE-Lenovo system for the diarization task of
the 2021 voxceleb speaker recognition challenge,” arXiv preprint
arXiv:2109.02002, 2021.

[21] W. Wang, X. Qin, and M. Li, “Cross-channel attention-based
target speaker voice activity detection: Experimental results for
m2met challenge,” arXiv preprint arXiv:2202.02687, 2022.

[22] F. Yu, S. Zhang, Y. Fu, L. Xie, S. Zheng, Z. Du, W. Huang,
P. Guo, Z. Yan, B. Ma, X. Xu, and H. Bu, “M2MeT: The ICASSP
2022 multi-channel multi-party meeting transcription challenge,”
in Proc. ICASSP, 2022.

[23] D. Cai, W. Cai, and M. Li, “Within-sample variability-invariant
loss for robust speaker recognition under noisy environments,” in
Proc. ICASSP, 2020, pp. 6469–6473.

[24] E. Variani, X. Lei, E. McDermott, I. L. Moreno, and J. Gonzalez-
Dominguez, “Deep Neural Networks for Small Footprint Text-
dependent Speaker Verification,” in Proc. ICASSP, 2014, pp.
4052–4056.


