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Abstract—This paper proposes an online target speaker voice
activity detection (TS-VAD) system for speaker diarization tasks
that does not rely on prior knowledge from clustering-based
diarization systems to obtain target speaker embeddings. By
adapting conventional TS-VAD for real-time operation, our
framework identifies speaker activities using self-generated em-
beddings, ensuring consistent performance and avoiding permu-
tation inconsistencies during inference. In the inference phase,
we employ a front-end model to extract frame-level speaker
embeddings for each incoming signal block. Subsequently, we
predict each speaker’s detection state based on these frame-
level embeddings and the previously estimated target speaker
embeddings. The target speaker embeddings are then updated
by aggregating the frame-level embeddings according to the
current block’s predictions. Our model predicts results block-
by-block and iteratively updates target speaker embeddings until
reaching the end of the signal. Experimental results demonstrate
that the proposed method outperforms offline clustering-based
diarization systems on the DIHARD III and AliMeeting datasets.
Additionally, this approach is extended to multi-channel data,
achieving comparable performance to state-of-the-art offline
diarization systems.

Index Terms—Speaker diarization, Online speaker diarization,
target speaker voice activity detection

I. INTRODUCTION

PEAKER DIARIZATION is the task that assigns speaker

labels to speech regions, serving as an important pre-
processing pipeline for many downstream tasks like multi-
speaker automatic speech recognition [ 1, 2] in different scenar-
ios, e.g., broadcast news [3, 4, 5], meeting conversations [6, 7],
conversational telephone speech [8, 9] and clinical diagno-
sis [10, 11], etc.

Early research in speaker diarization primarily focused
on modularized systems, where audio signals are processed
through a series of cascaded modules [12]. With advancements
in speaker representation techniques [13, 14, 15], these modu-
larized diarization systems have shown the potential to deliver
commendable performance across various scenarios [16, 17].
Nevertheless, these systems often rely on clustering-based
algorithms, which typically allocate audio samples to indi-
vidual speaker clusters. This approach poses limitations when
confronted with overlapping speech regions, as it struggles to
handle instances where multiple speakers’ voices are present
within the same segment. Addressing this issue requires
additional modules, such as overlap speech detection [18]
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and target-speaker voice activity detection (TS-VAD) [19].
Beyond the challenge of overlapping speech, each module in
modularized systems is optimized independently, which makes
it difficult to optimize the system as a whole.

To address the challenge of overlapping speech in modular-
ized systems, a framework known as end-to-end neural diariza-
tion (EEND) was proposed [20, 21]. EEND aims to streamline
the speaker diarization process within a single neural network,
effectively managing overlapping speech and directly opti-
mizing the diarization objective. Additionally, EEND exhibits
adaptability, making it easy to transfer to diverse domains
through fine-tuning with real-world data. However, EEND
also has limitations, such as operating with a fixed maximum
number of speakers. To address this, an extended EEND
model incorporating an encoder-decoder-based attractor was
developed [22]. This extension was specifically designed to
handle scenarios with varying numbers of speakers, further
enhancing the applicability of the EEND framework.

Both the modularized and end-to-end diarization systems
mentioned earlier demonstrate promising performance on
many datasets. However, they are designed to process pre-
recorded audio and operate offline, meaning they must analyze
the entire audio file at once to identify individual speakers. In
several practical applications, such as meeting transcription
systems and smart agents, low-latency speaker assignment is
crucial [12]. Typically, in ASR and speaker diarization tasks, a
latency of 1 to 2 seconds is considered low enough for online
applications. Despite ongoing efforts to develop online speaker
diarization systems, both within clustering-based approaches
[23, 24] and neural network-based frameworks [25, 26, 27],
achieving fully effective online diarization remains an unre-
solved challenge.

In an online modularized system, each module must func-
tion in an online manner, with a primary challenge being
how to replace the offline clustering algorithm with an online
one to process speaker representations in chronological order
[28, 24]. Given this focus, most online modularized systems
concentrate primarily on the clustering algorithm, often over-
looking other modules, such as overlap speech detection.

In the online EEND framework, a primary challenge is the
inconsistency in speaker order across different timestamps, as
the speaker order can vary as a permutation of all existing
speakers. During the training stage, this inconsistency can
be addressed using a permutation-free objective [20, 29].
However, this approach limits the EEND’s extension to online
applications, as the order of speakers continually changes with
new incoming signals. One solution is to use a buffer to store
both prior inputs and results, allowing the alignment of current



results with previous ones [26, 30, 31]. However, this typically
requires a large buffer to achieve satisfactory performance.

As a post-processing method for offline modularized di-
arization systems, target-speaker voice activity detection (TS-
VAD) is often employed to refine the diarization results
obtained from clustering algorithms [19]. Given the target
speaker representations and audio signals, TS-VAD can recog-
nize overlapping speech in a block-wise manner. This inherent
property suggests that TS-VAD could naturally be adapted as
an online module. However, this potential is often overlooked
since TS-VAD typically functions as a sub-module within
modularized diarization systems. If target speaker represen-
tations can be obtained online, TS-VAD could operate in
real-time. Furthermore, if TS-VAD itself generates the tar-
get speaker representations, the diarization output could be
directly produced using only a single neural model.

In this paper, we propose an online framework for speaker
diarization by adapting conventional TS-VAD for real-time
operation, termed online TS-VAD (OTS-VAD). Similar to
offline TS-VAD, OTS-VAD not only retrieves speaker activ-
ities for each speaker but also detects overlapping speech.
Unlike the EEND framework, our proposed system determines
speaker activities using target speaker embeddings, which
are self-generated by the OTS-VAD model and continuously
updated with incoming audio signals. As the order of these
target speaker embeddings remains consistent, inference-phase
inconsistencies are eliminated, requiring only a very small
chunk size for inference. Consequently, our approach can
operate with a small block size during inference that is similar
to TS-VAD, ensuring a fast inference speed.

This paper builds upon our earlier research [32] focusing
on the online speaker diarization task. The new contributions
of this extension include:

o Enhancing the performance to state-of-the-art (SOTA)
levels through improved training and inference method-
ologies.

o Incorporating a cross-channel attention mechanism to
enhance multi-channel support, following existing meth-
ods in the literature to achieve improved consistency in
performance.

o Replacing the front-end ResNet model with a lightweight
Conformer, which indicates the possibility of reducing the
model’s size without significant performance trade-offs.

The organization of this paper is as follows. Section II
reviews the offline and online methods for both modularized
systems and end-to-end frameworks. Section III presents the
proposed online TS-VAD method as well as the extensions.
Section IV describes the experimental details and Section
V presents the results, respectively. Section VI provides the
conclusions.

II. RELATED WORKS
A. Modularized speaker diarization system

1) Offline method: The modularized speaker diarization
system, often referred to as the traditional speaker diarization
system, consists of several sub-modules. The process begins

with voice activity detection (VAD), which filters out non-
speech components, such as background noise, from the
speech signal [33, 34, 35]. Next, the audio stream is segmented
into speaker-consistent sections [36, 37], from which speaker
embeddings are derived [38, 13]. To group these embed-
dings, clustering algorithms such as agglomerative hierarchical
clustering (AHC) [39] or spectral clustering [40] are applied
using a suitable similarity measurement technique. Pre- and
post-processing modules, such as speech enhancement [41],
speech separation [42], overlapping speech detection [18], and
resegmentation [43], are sometimes included to improve per-
formance. Additionally, two or more modules can be integrated
into a single neural network; for example, a region proposal
network can perform VAD, segmentation, and embedding
extraction simultaneously [44].

2) Online method: While VAD, segmentation, and speaker
embedding can be executed in real-time, the primary chal-
lenge in adapting the modularized system for online use lies
in replacing the offline clustering technique with an online
alternative. Notable approaches include adapted i-vectors with
a transformation matrix [28] and modified clustering methods
[23]. However, these methods can be inefficient for extended
audio clips, as their time complexities scale linearly with
the number of speaker segments. Other online clustering
techniques, such as incremental clustering [45] and online
spectral clustering [46], have also been proposed to achieve
low-latency online diarization. Additionally, several supervised
methods, such as UIS-RNN [25] and UIS-RNN-SML [47],
replace segmentation and clustering with trainable models.

B. End-to-end Neural speaker diarization system

1) Offline method: End-to-end neural diarization (EEND)
is an innovative framework that performs the entire speaker
diarization process using a single deep neural network [20, 21].
Given a speech signal, it directly outputs diarization results,
including recognition of overlapping speech. To enhance its
versatility and address scenarios with an undefined number of
speakers, an improved version known as EEND with Encoder-
Decoder-Based Attractor (EDA) was introduced. This ad-
vancement not only improved performance but also expanded
the framework’s applicability. Further refinements include
integrating front-end components like Conformer [48] and
introducing EEND with Global and Local Attractors (GLA)
[49], both of which have enhanced system efficacy on real
datasets. In addition to its fully end-to-end framework, EEND
can also be employed in modularized speaker diarization
systems for tasks such as embedding extraction [50, 51, 52],
overlap-aware resegmentation [53], and post-processing [54].

2) Online method: The EEND framework has also been
widely explored for online speaker diarization tasks. Han et
al. [27] proposed a block-wise EEND-EDA (BW-EDA-EEND)
approach that uses hidden states from previous blocks to
generate attractors sequentially. Another method to address the
issue of speaker permutation ambiguity involves maintaining
acoustic features within a speaker-tracing buffer [26, 30].
Building on this, Horiguchi et al. [31] enhanced EEND-
GLA for online use by incorporating a speaker-tracing buffer.



Notably, this approach achieved state-of-the-art performance
across various datasets, surpassing numerous offline modular-
ized speaker diarization systems.

C. Target speaker voice activity detection

Target speaker tracking is widely used in various speech-
related tasks to retrieve information about a specific speaker,
including target speaker automatic speech recognition (TS-
ASR) [55], target speaker speech separation [56], and target-
speaker voice activity detection (TS-VAD) [19]. These tasks
share a common approach: they utilize a speaker profile to
focus on the speech of interest, thereby refining results for
that particular speaker. Notably, this method remains effective
even when the audio includes overlapping speech. Typically,
the speaker profile is a pre-enrolled speaker embedding, con-
taining speaker identity information like i-vectors [38] or x-
vectors [13].

For speaker diarization, TS-VAD has been introduced to
refine results derived from clustering-based diarization sys-
tems. It is particularly useful in scenarios with significant
overlapping speech, where the goal is to detect the presence
or absence of specific speakers. The concept of TS-VAD is
rooted in personal VAD [57], which adapts the VAD process
to the unique vocal characteristics of an individual speaker.
However, personal VAD methods typically perform poorly
in diarization tasks, as they consider only a single speaker
and overlook inter-speaker relationships within the speech
signal. In contrast, TS-VAD is designed to recognize the
speech activities of multiple speakers present in any segment,
incorporating constraints and relationships among speakers for
a more comprehensive understanding. Consequently, TS-VAD
provides enhanced performance and more reliable diarization
outcomes.

The early version of TS-VAD employs a pre-enrolled i-
vector as an acoustic footprint [19]. It takes a short speech
segment and several i-vectors as input, evaluating whether each
frame belongs to one or more speakers, as illustrated in Fig. 1.
In this i-vector-based TS-VAD model, a CNN first processes
the acoustic features to produce a temporal feature map. Each
i-vector is then concatenated with each frame of the feature
map and fed separately to a two-layer BiLSTM, generating
a speaker detection (SD) feature for each i-vector. These SD
features are subsequently concatenated and passed through a
final BiLSTM layer to produce the posterior presence probabil-
ities of each speaker. Remarkably, the i-vector-based TS-VAD
approach demonstrates a notable reduction in diarization error
rate (DER) compared to traditional clustering-based methods,
providing a robust solution to the diarization challenge.

Consider N target speaker embeddings represented as
E = {ej,es,...,en}, and the acoustic feature as X =
{x1,X2,...,x1}. A typical TS-VAD model detects the speech
activities of each speaker n as:
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time t, and &; is the frame-level embedding generated from
the acoustic features by the front-end module. Here T is
usually smaller than L as the input acoustic feature will be
down-sampled to the frame-level embeddings by the front-
end module. Subsequently, the speech activities from all
speakers are concatenated, serving as the last layer’s input.
This generates refined speech activities S € (0,1)V*7 for all
speakers:

Sty -
S=/fi(| . Sui | 2)

SN SN,r

where f; acts as the joint detection function that produces
final speaker existence probabilities. As depicted in Fig. 1, fg
operates as the 2-layer BiLSTM, while f; functions as the 1-
layer BILSTM. The front-end model designed for frame-level
embedding extraction is constituted by a 4-layer CNN, and
this is the typical i-vector TS-VAD framework. Here, e, is
ivy, and S; = {S;’17 ...78;74 is SD,, as shown in Fig. 1.

The deployment of i-vectors in TS-VAD, while achieving
some success, has shown limitations when applied to multi-
domain data [58]. These findings prompted exploration of x-
vectors as an alternative, although a straightforward replace-
ment of i-vectors with x-vectors did not yield an immediate
performance boost [19]. The likely cause of this unexpected
result is that the shallow CNN used in the front end of
the TS-VAD system may not be well-suited for efficiently
processing the more complex, deep learning-based x-vector.
To address this hypothesis, Wang et al. [59] replaced the
TS-VAD front end with a pre-trained module specifically
designed for x-vectors. This modified architecture demon-
strated a more effective handling of x-vectors, resulting in
improved performance compared to the i-vector-based system.
Additionally, the robustness and generalization capability of
x-vectors enabled this model to perform commendably on
challenging datasets like DIHARD III, which includes diverse
real-world scenarios.

Typically, TS-VAD can handle only a fixed number of
speakers, as the final layer is generally a linear projection.
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Fig. 1. The architecture of the i-vector-based TS-VAD [19]



A common approach is to define the output size based on
the maximum anticipated number of speakers. This presents a
challenge because, in real-world scenarios, the actual num-
ber of speakers is unknown. Furthermore, when the input
audio contains fewer speakers than the maximum set, the
TS-VAD model performs redundant computations, especially
when certain speaker embeddings are initialized to zero or
arbitrary values. To address this inefficiency, the terminal
linear layer can be replaced with architectures capable of
managing variable-length data. For instance, both LSTM [60]
and Transformer [601] models have been implemented along
the speaker dimension rather than the temporal one. Recently,
Cheng et al. [62] proposed a sequence-to-sequence (Seq2Seq)
architecture for TS-VAD, referred to as Seq2Seq TS-VAD.
In this approach, frame-level representations and speaker
embeddings are independently input into the encoder and
decoder, eliminating the need for concatenation. Notably, the
decoder generates an embedding of consistent dimensionality
for each speaker’s voice activity, regardless of the input feature
duration. Additionally, the final linear layer offers greater
flexibility, enabling voice activity predictions at finer temporal
resolutions with modest computational demands.

Compared to end-to-end neural diarization (EEND), TS-
VAD serves as a post-processing module within modularized
speaker diarization systems. While EEND provides a com-
prehensive solution by learning speaker embeddings directly
from audio waveforms to produce diarization results, TS-VAD
refines outputs derived from clustering-based methods. Due to
its reliance on prior knowledge from clustering-based diariza-
tion results, TS-VAD generally achieves superior performance
to EEND on recent benchmarks [63], especially when the
number of speakers is large. In the following section, we
introduce our TS-VAD-based online framework, where the
speaker embedding is self-generated by the TS-VAD model.

III. ONLINE TARGET SPEAKER VOICE ACTIVITY
DETECTION

This section details the transformation from an offline
approach to an online one, encompassing both the training
and inference procedures.

A. Online TS-VAD

1) Architecture: Fig. 2 illustrates the architecture of the
ResNet-based online TS-VAD (OTS-VAD). The model con-
sists of two sub-modules: a front end for embedding extraction
and a back end for target speaker detection. The front end
comprises a ResNet followed by a frame-level global statistics
pooling (GSP) layer, which condenses the statistics of each
frame from the ResNet output, and is followed by a fully
connected layer. The back end includes a Conformer-based
encoder, a BILSTM layer, and a linear layer.

Given an acoustic feature X € R¥ XL the ResNet trans-
forms it into a temporal feature map M € RV X% %% Here,
V' represents the number of channels, H is the feature’s
dimensionality, and L indicates the total number of frames. It
is worth noting that the temporal resolution of this feature map
is reduced by a factor of eight compared to the original input,

attributed to ResNet’s capability of downsampling by this
magnitude. Subsequently, the frame-level GSP layer computes
the mean and standard deviation over the feature dimension,
thus generating a vector of dimension 2V for each frame.
The succeeding fully-connected layer ingests the GSP’s output,
P € R?V*T producing frame-level embeddings, represented
as E = [&),...,ép] € RPXT_ Here, T = % and D is the
dimensionality of frame-level embeddings. Furthermore, D
matches the dimension of the target speaker embeddings. The
usage of frame-level GSP is to imitate the utterance-level GSP
in the speaker recognition task [64]. This method interprets
each window as a distinct utterance for which embeddings are
extracted. By adopting this approach, the front-end module
can effectively discern the speaker’s identity for each frame,
which invariably leads to enhanced performance.

After obtaining the frame-level embeddings E and the
target speaker embeddings, represented by E = [ey, ...,en] €
RN*D " the back-end module predicts speech activities sim-
ilarly to the offline TS-VAD model. Specifically, each target
speaker embedding is replicated and concatenated with the
frame-level embeddings. The initial encoder processes these
concatenated embeddings separately for each target speaker,
generating a primary decision level. It is important to note
that these decisions may not strictly represent probabilities.
Subsequently, the decisions for all speakers are concatenated
and passed to the BILSTM for refinement, allowing the model
to incorporate inter-speaker information. Finally, a sigmoid-
activated fully connected layer estimates the probabilities of
speaker presence.

To adapt offline TS-VAD for online operation, it is crucial
to obtain the target speaker embedding without relying on an
additional speaker embedding extractor during both training
and inference. Additionally, maintaining the consistency of
the target speaker embedding is essential for the back-end
module to accurately detect speech activities. In the following
sections, we describe our approach to obtaining a consistent
target speaker embedding throughout the training and infer-
ence processes.

2) Training process: As shown in Fig. 2, given an input
X with length of 2L, the initial step involves partitioning the
input features uniformly into left and right segments X' and
X", each having a length of L. After extracting the frame-level
embeddings El, E" € RP*T for the left and right segments,
the target speaker embedding for the n-th speaker can be
obtained by:

AV
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where n € {1,2,..N}, i is the frame index, T = %
by downsampling from ResNet, Y! € {0,1}7 is the cor-
responding label of n-th speaker in the left segment with
the overlapping regions set to zero. Eq. 3 describes that
target-speaker embedding can be obtained by averaging all
non-overlapping frame-level embeddings for each respective
speaker, as shown in Fig 3. In addition, due to the limit
of the GPU memory, we cannot train the model with long-
duration inputs. However, this will lead to a problem that
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Fig. 2. The architecture of the proposed OTS-VAD. The right is the backbone with ResNet-based front-end, and the left is another Conformer-based front-end

which can replace the ResNet-based front-end.

X' only contains limited speakers with a short duration, and
the back-end module only accepts insufficient target speaker
embeddings during the training stage. Therefore, the model
cannot deal with the input with lots of speakers. To cope with
this, we replace the X! with a randomly simulated signal with
a probability of 0.5. Each speaker in the simulated signal has
equal length of speech.
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Fig. 3. Illustration of the target speaker embedding extraction/aggregation.

With the target speaker embedding E and frame-level em-
beddings E", the training process for the back end mirrors that
of offline TS-VAD. Specifically, we repeat and concatenate the
target speaker embeddings with the frame-level embeddings
as input to the back end. Since we know the speaker order
in the ground truth labels Y € {0,1}¥*7, we maintain
this order across all speaker embeddings. Consequently, the
speaker order in the output Y € (0,1)V*T matches the
labels, eliminating the need to address permutation ambiguity
as required in the EEND framework. We then optimize the

entire model using binary cross-entropy (BCE) loss.

It’s important to mention that we exclude silent regions
from the input audio beforehand, as shown in Fig. 3. This is
because when there’s an abundance of silence in the data, the
aggregation method may struggle to gather sufficient target
speaker embeddings within a relatively short segment for
training purposes.
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Fig. 4. Inference process of OTS-VAD with embedding buffer and output

buffer. Dash line means updating the buffer after obtaining the output from
current block.



3) Inference process: The inference process is quite differ-
ent from the training process as the target speaker embeddings
are accumulated during the inference process. Specifically,
during inference, target speaker embeddings are aggregated in-
crementally as the OTS-VAD system systematically processes
each successive block of audio. Here we also assume that the
silence regions are removed in advance. For clarity, we assume
that the features and output have the same time resolution, and
we will explain the actual time resolution for all features and
output in Section IV.

As shown in Fig. 4, the length and shift of each incoming
block are denoted by [ and m, respectively. Additionally, we
maintain a frame-level embedding buffer, E ¢ RP XT and
an output buffer, Y ¢ (0,1)N*T to store the frame-level
embeddings and corresponding outputs over time, where T’
is the total output length, D is the embedding size, and N
is the preset number of speakers. Both buffers are initialized
with zeros. Initially, the block size begins at m and gradually
increases until there is enough signal to form a full block of
size [. Thereafter, the block size remains fixed at [, advancing
with a consistent shift of m. Notably, m also represents the
latency of the OTS-VAD system.

For the first block, we believe that it only contains one
speaker as m is set to a very small value. This assumption
makes it very easy to initialize the system using the first block.
The first block is fed into the front-end module, producing the
initialized frame-level embeddings. In addition, we assign the
output of the first speaker with one, and other values in the
output are set to zero:

5’711,:5 = { (1) :
where y! is the output of the first block, n and t are the index
of speaker and frame, respectively. Finally, both the frame-
level embeddings and the output are added to both buffer at
the corresponding position and averaged at the overlapping
region between the blocks, as shown in Fig. 4.

For the following blocks, assume that we already have
the averaged embeddings buffer E and output buffer Y until
timestamp t , the n-th target speaker embedding can be easily
computed by using the first t frames of these two buffers:

n=1
n=23,...N )
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where Y € {0,1}V*! is the output binarized from Y with an
upper threshold thresyp.. Here the upper threshold is usu-
ally greater than 0.5, which means that we only use the frame-
level embedding with higher speaker existence probabilities
for target speaker embedding extraction to ensure the purity of
embeddings. Given the target speaker embeddings and frame-
level embeddings, the back-end module can easily predict
the output for current block. If a new speaker presents in
the last m frames without overlapping speech, the OTS-VAD
cannot recognize any speaker given previous target speaker
embedding, thus all the values of the output are closed to
zero in the last m frames. In this way, we can know that a
new speaker appears, and we can assign the output with the

value of the upper threshold for the new speaker in the last
m frames. If the number of speakers has already reached the
maximum, we keep the output unchanged. Usually, if we find
that all values of the output in the last m frames are lower
than a lower threshold thresiowe:, we believe that there is a
new speaker, where the lower threshold is set to no more than
0.5. Algorithm 1 shows the detailed inference process.

Latency is a crucial factor in online applications. With
an unlimited number of incoming blocks, it becomes im-
practical to store all frame-level embeddings in the buffers,
and the computational cost of calculating the target speaker
embedding also becomes prohibitive. In such cases, we store
only those frame-level embeddings in the buffer that have a
high probability for at least one speaker, discarding the rest.
This approach significantly reduces computational costs when
processing extremely long audio signals.

Another solution for reducing the latency is to accumulate
the frame-level embedding for each speaker and record the
sum of all frame-level embeddings, referred to accumulated
total embedding €,,, as shown in Fig. 5. At the same time, the
number of frames F' is also recorded. Then the target speaker
embedding e,, can be directly computed by:

k

efﬁl _ %7 (6)
where k is the index of block and e’ is the target speaker
embedding for inference of the k-th block. When there comes
a series of frame-level embeddings E¥ = [¢,, ..., ép] € RP*T
and the corresponding binarized prediction Y* € {0, 1}VxT
from the k-th block, the accumulated embedding and number
of frame for n-th speaker can be updated by:

e, =@, +ENY)T,

k k—1 ET: vk 7
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where EF is the frame-level embeddings of k-th block and
YF is the n-th row of Y*. Similar to the buffer-based
inference process mentioned in Fig. 4, only the frame with
the probabilities greater than the upper threshold will be used
for updating. If the probabilities in the last M frames are lower
than the lower threshold, we notify a new speaker coming by
setting his/her probabilities to the upper threshold.

The first strategy uses a buffer to continuously store av-
erage frame-level embeddings and corresponding outputs. By
retaining a comprehensive record of embeddings, this method
enhances precision in target speaker inference, potentially
improving overall system performance. However, a primary
limitation of this approach is the increased computational
time and memory requirements when processing extensive
input features. In contrast, the second approach streamlines
the inference process by calculating only the accumulated
embeddings and their corresponding frame counts. While this
method offers significant computational efficiencies, especially
for long input sequences, it may lead to a slight reduction
in performance accuracy. Consequently, the optimal choice
between these strategies depends on the specific application



Algorithm 1 Inference process of OTS-VAD with embedding buffer (Fig. 4)

Require: Acoustic feature X € RH*L. plock length [; block shift m, num_of_speaker = 0,

1: procedure INFERENCE(X, [ and m)

2: Initialize Y € (0,1)V* and E € RP* with empty tensor (t' = 0)

3 Initialize ct € R™ with 1 > The frame count at each step
4

5 for start, end, X* in chunking(X, I, m) do > Get X* every m step
6: # Block-wise inference

7 E* « Front_end(X*)

8 if Y is empty then > Init: only one speaker in the first block with m frames
9: Y[0] T

10: E « EF

11: end if

12: Y « binarize(Y, upper_threshold) > Take the binary output from predictions
13: " « YQE.transpose(0, 1) /torch.sum(Y", dim = 1, keepdim=True)

14: YE Back_end(EF, e*)

15:

16: # Updating the memory

17: if (f/[:, end-m:end] < lower_threshold).all() and num_of_speaker < max_n_speaker

then: > Find a new speaker

18: num_of_speaker <— num_of_speaker + 1

19: Y[num_of_speaker, end-m:end] < T
20: end if
21: if ct.size(1) < end then
22: Y[start:end-m] — Y[start:end-m] X ct[start:end-m] > Recover the

accumulated values

23: E[start:end-m] — E[start:end-m] X ct[start:end-m]
24: ct + padding_zeros(ct, m) > Reserve space to save results from current block
25: Ymml — padding_zeros(?mal, m)
26: Etml — padding_zeros(ﬁ)wtal, m)
27: ct[start:end] <— ct[start:end] + 1
28: Y[start:end] — (Y[start:end] + Yk) / ct[start:end] > Adding and average
29: E[start:end] — (E[start:end] + Ek) / ct[start:end] > Adding and average
30: end if

31: end for

32: Return binarize(Y, 0.5)
33: end procedure

requirements, balancing accuracy with computational resource
constraints.

B. Incorporation of MFA-Conformer as front-end

To further investigate the impact of a front end with fewer
parameters, we replace the ResNet with a lightweight Con-
former, originally developed for ASR tasks. Recent studies
have shown that Conformer-based architectures can achieve
excellent performance on speaker verification tasks through
multi-scale feature aggregation [05, 66]. This architecture
demonstrates better performance with fewer parameters com-
pared to ResNet and ECAPA-TDNN [65].

Multi-scale feature aggregation (MFA) is a method that
joins together output feature maps from every frame-level
module within a speaker embedding network before pooling
at the utterance-level. Research indicates that when used with
TDNN-based networks, this method enhances performance,

which suggests that features from the lower-levels offer valu-
able speaker-related information [15].

To incorporate the Conformer encoder into speaker verifi-
cation tasks, the MFA-Conformer introduces an MFA module
within the Conformer encoder [65]. This module combines all
frame-level outputs from the Conformer blocks before passing
them to the pooling layer. After obtaining this combined
frame-level feature map, attentive statistics pooling is applied
to generate an utterance-level representation [67]. The speaker
embedding is then derived by applying batch normalization
and a fully connected layer to this utterance-level representa-
tion. When replacing the ResNet with the MFA-Conformer
in the OTS-VAD framework, we use the combined frame-
level features before pooling as the frame-level embeddings,
which are output by the MFA layer shown in Fig. 2. However,
the time resolution of the outputs from the MFA layer is too
high for use as frame-level embeddings, as processing these
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Fig. 5. Inference process of OTS-VAD with accumulated embedding and the
total number of frames. Dash line means updating the accumulated embedding
and the number of frames after obtaining the output from current block.

features would require substantial GPU memory in the back-
end module. To address this, we add two 1D convolutional
layers to reduce the time resolution from % to %, with each
layer halving the resolution. Finally, the output from the last
1D convolutional layer matches the time resolution of the

ResNet-based front end.

C. Multi-channel Extension

Cross-channel attention mechanism has achieved significant
success in multi-channel speech signal processing domains,
including speech enhancement [68], speech separation [69,

], speech recognition [71], and speaker diarization [72].
Their efficacy lies in their ability to comprehend non-linear
contextual relationships across channels both temporally and
contextually.

Given C channels of Fbank sequence denoted by X =
(X1, ...,X%), the target-speaker embedding from N target
speakers represented as £ = (E!,..,EY), where E¢ =
[€5,€5,...,e5%] are the target speaker embeddings extracted
from the c-th channel, the corresponding target speaker de-
cision is denoted by Y = (y1,...,yr). Here, X; € REXH has
L frames, E¢ € RV*P signifies the D-dimensional speaker
embedding from N target speakers in the c-th channel, and
y: € {0,1}" encapsulates the target speaker decision at
time step ¢t with a dimension of N. The front-end ResNet
takes the C-channels of Fbank sequence as input, producing
the frame-level speaker embedding sequence, denoted by
E = (B',...,EY), where E¢ = [&5,&5, ..., &5]. Subsequent
operations entail repeating the target-speaker embedding 7T
times and the frame-level speaker embedding N times. Post
these operations, the two speaker embeddings are concate-
nated in the embedding dimension, forming the tensor G =
(G1,...,GY), where G¢ € RT*Nx2D,

The cross-channel self-attention mechanism ingests the con-
catenated speaker embedding Giy:

Gi, = concat(G) € RT*NVxCx2D 8
Q' = GuwWp + b ©)
K' = G,Wi + b, (10)
Vi =G, Wi, +bi,, (11)

with Q?, K, and V' representing the query, key, and value
matrices, respectively, for the i™ attention head. The weight
matrices W* € RM*2P and bias vectors b® € RM correspond
to the i™ head. The scaled dot-product attention mechanism is
then applied:

Q' (K')T

Vn
where n = M. Subsequently, a position-wise feed-forward
layer complemented by a ReLU activation function is em-
ployed, incorporating layer normalization and residual con-
nections at each layer. The resultant output is denoted by
Goy € RTXNXCX2D This output is averaged across the
channel dimension via a global average pooling layer:

Attention(Q’, K, V) = softmax Vi, (12)

c
1
G'=5 ; Gou i, (13)
where G/ € RTXN*2D The back-end model subsequently
processes this aggregated speaker embedding G’, akin to
how the single-channel TS-VAD processes the concatenated
speaker embedding.

IV. EXPERIMENTAL SETUP
A. Dataset

The experiments are conducted on the DIHARD III dataset
[73] and the AliMeeting dataset [74]. The DIHARD III dataset
is a multi-domain dataset containing 34.15 hours of training
data and 33.01 hours of evaluation data across 11 different
domains. The number of speakers per recording ranges from
1 to 9, with an average speech overlap ratio of 10.75% in
the development set and 9.37% in the evaluation set. The
AliMeeting dataset is a far-field, 8-channel dataset comprising
118.75 hours of speech data, divided into 104.75 hours for
training, 4 hours for evaluation, and 10 hours for testing. Each
meeting session includes 2 to 4 participants, with a session
duration of approximately 30 minutes. The average speech
overlap ratio is 42.27% for the training set and 34.76% for
the evaluation set.

Existing datasets for diarization tasks often lack sufficient
complexity for effective multi-speaker learning, especially for
deep learning-based speaker diarization models. Consequently,
data simulation is essential to train a model with robust gen-
eralization capabilities. Previous research found that speaker
change distribution follows a Poisson Stochastic Process (PSP)
[75], which is commonly used to simulate training data for
EEND [22]. Recently, a more comprehensive approach for



TABLE I
DER (%) AND JER (%) OF METHODS WITH RESNET AND CONFORMER FRONT-ENDS ON DIFFERENT DATASETS WITH THE EMBEDDING BUFFER-BASED
INFERENCE PROCESS IN FIG. 4.

Block length

Dataset Pretraining Front-end Block shift 2s 4s 8s 16s
DER JER DER JER DER JER DER JER
0.4s 1620 3550 1447 34.16 13.83 3457 1377  35.09
ResNet 0.8s 1531 3465 1396 3405 1357 3387 1331 33.83
1.6s 1660 37.00 1440 3517 14.12 3476 1359 3434
DIHARD III Eval v 0.4s 1639 4045 1555 3933 1577 4105 1630 4222
Conformer 0.8s 16.18 4093 1566 4008 1533 40.10 1586 40.98
1.6s 1697 3845 1601 4171 1636 4221 17.02 42.82
0.4s 19.83 4434 1686 40.13 1558 39.12 1602 3991
ResNet 0.8s 2025 4406 17.06 4032 1535 3843 1548  39.23
1.65 2110 4358 1682 4055 1551 3923 14.67 3846
DIHARD III Eval X 0.4s 2254 4869 2057 4670 1979 4773 2091  50.65
Conformer 0.8s 2274 4991  20.17 4573 1811 4423 18.63  46.09
1.65 2656 4949 19.60 4530 17.97 4385 1828 44.68

simulating speaker diarization data was proposed, which con-
siders various statistical properties to create data that reflects
real-world patterns [76]. Our strategy is simpler compared to
previous methods. For instance, to create our training data
for the DIHARD III dataset, we use the ground truth labels
from the DIHARD III development dataset. We first derive a
label matrix Y € 0, 1V T for each recording in the DIHARD
IIT development dataset, where N represents the number of
speakers and T signifies the duration of an utterance after
excluding non-speech regions. The simulated data is then
generated on-the-fly in an online manner, where we randomly
select a segment according to the label and fill the active
regions with continuous, non-overlapping speech segments
from the VoxCeleb dataset. Similarly, for the AliMeeting
dataset, the data is directly simulated from the AliMeeting
training set.

We perform data augmentation with MUSAN [77] and RIRs
corpus [78]. For the MUSAN corpus, ambient noise, music,
television, and babble noise are used for the background
additive noise. For the RIRs corpus, only impulse responses
from small and medium rooms are employed to perform
convolution with training data.

B. Network Configuration

For the ResNet-based OTS-VAD model, the front-end ar-
chitecure is the same as the ResNet34 in [79]. After obtaining
the temporal feature map, we apply the global statistics
pooling over each frame of the feature map to produce the
frame-level representation. Finally, the linear layer with 256
units projects the representation to frame-level embedding. For
the back-end, it contains a 6-layer 8-head Conformer Encoder
with a 512 dimensional feed-forward layer, and the dropout is
set to 0.1. The hidden size of the single BILSTM layer is 256.
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 8 for DIHARD III
dataset and 4 for Alimeeting dataset. The total number of
parameters in the ResNet-based front-end is 20.54M.

For the Conformer-based OTS-VAD model, we employ the
Conformer implemented by NeMo toolkit [80] and we follow
the speaker verification training protocal in [66]. The NeMo
Conformer is available in three variants: small, medium, and
large. For our research, we opted for the ’small’ variant!,
characterized by a convolution subsampling rate of 14 and a
uniform kernel size of 31 within its convolution modules. This
version encompasses 16 Conformer layers with an encoder
dimension of 176, accommodates 4 attention heads, and com-
prises 704 linear hidden units. We only use the first 8 layers
for the speaker verification pretraining. The features processed
by MFA layer are then fed to two 1d convolution layers, each
of which has kernel size of 3, stride of 2 and padding of 1. The
back-end is the same as the ResNet-based OTS-VAD model.
The total number of parameters in the Conformer-based front-
end is 9.38M.

For the mutli-channel OTS-VAD, we employ the same
ResNet34 as the front-end model. The back-end contains a
cross-channel Conformer Encoder and a cross-frame Con-
former Encoder, each of which has 3 Conformer layers and
4 heads. The decision to reduce the Encoder size stems from
the substantial GPU memory demands associated with multi-
channel data processing. While this reduction may lead to
a slight performance decline, it is offset by the advantages
conferred by analyzing multi-channel data.

C. Training and Inferring Details

1) Front-end pretraining: Both the ResNet and the Con-
former front-end models are pretrained on the VoxCeleb 2
dataset [81]. For the ResNet model, we follow the training
protocol mentioned in [79] and achieve 0.814% EER on the
Vox-O trial. For the Conformer model, we follow the training
protocol mentioned in [66], which has 0.65% EER on the Vox-
O trial.

Thttps://catalog.ngc.nvidia.com/orgs/nvidia/teams/nemo/models/stt_en_
conformer_ctc_small
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2) Training process: At the begining, the front-end module
is initialized from a pretrained ResNet34- or Conformer-
based speaker embedding model, and other parts are randomly
initialized. The training process contains three different stage:
o Stage 1: Keep the front-end module frozen, and we only
train the back-end module with the simulated data for
100,000 steps. The last model will be used for next stage.

o Stage 2: Unfreeze the front-end module and train the
whole OTS-VAD model with 20% of the real data and
80% of the simulated data for 50,000 steps. The model
will be validated every 500 steps and the best model with
the lowest DER will be used for next stage.

o Stage 3: Continue to train the whole OTS-VAD model

with only real training data for 50,000 steps. The model
will be validated every 500 steps.

For DIHARD III, the real training data is DIHARD III
development set. For Alimeeting, the real training data is
Alimeeting training set.

3) Inference process: For inference, we tested different
block lengths | € 2s,4s,8s,16s and block shifts m &
0.4s,0.8s,1.6s. Note that the block shift also represents
the latency of the OTS-VAD model. The upper and lower
thresholds were tuned by grid search with a fixed block length
and shift, set to 16s and 0.8s, respectively. Specifically, the
lower threshold was tuned between 0.1 and 0.4, and the upper
threshold between 0.6 and 0.9, both with a step size of 0.05.
After determining the thresholds that resulted in the lowest
diarization error rate (DER), we applied these thresholds for
inference with other block lengths and shifts. Finally, the
output of each block was averaged, binarized using the optimal
upper threshold (0.5), and converted to an RTTM file for
scoring. During inference, an additional VAD module was
needed to remove silent regions, and for simplicity, we used
oracle VAD in our experiments.

Both two different inference processes mentioned in Fig. 4
and 5 are evaluated. For the buffer-based inference process,
we only evaluate it on the DIHARD III dataset in Fig. 4.
The reason is that the average duration of Alimeeting dataset
is about 30 minutes, which requires large memory to saving
the buffer and long time for inference. For the accumulation-
based inference process, we provide comprehensive evaluation
for both datasets.

4) Evaluation metric: The OTS-VAD model is evaluated
on the evaluation set of both datasets, where we use the
Diarization Error Rate (DER) and Jaccard Error Rate (JER) as
the evaluation metric. For the DIHARD III dataset, we follow
the evaluation protocol in the DIHARD III challenge [73],
where no forgiveness collar will be applied to the reference
segments prior to scoring. For Alimeeting, we follow the
evaluation protocol in the Alimeeting challenge [74], where a
forgiveness collar of 0.25 is employed. All overlapping speech
will be evaluated.

V. EXPERIMENTAL RESULTS AND DISCUSSION
A. Detailed performance with different block length and shift

Tab. I and II show the results of the OTS-VAD model
with different front-ends on the DIHARD III dataset and

the Alimeeting dataset with different inference strategies as
mentioned in Fig. 4 and Fig. 5, where we evaluated the model
with different block length and shift.

Overall, with the buffer-based inference process, the best
DER performance on DIHARD III dataset is 13.31%. For
the first channel of alimeeting dataset, the lowest DER is
5.05% and 4.96% for Eval and Test set, respectively. And,
if incorporated with the multi-channel data, the DER will be
further reduced to 4.71% and 4.50% for Alimeeting Eval and
Test set, respectively.

For different front-end modules, as Tab. I and II show,
ResNet front-end usually achieves better DER and JER scores
compared to the Conformer front-end across most block
lengths and block shifts. ResNet front-end achieves its best
DER score at a block length of 8s or 16s.

For different inference processes, the buffer-based inference
process shows a better performance than the accumulation-
based inference process does in most conditions. The choice
of the inference process might be application-specific, de-
pending on the specific goals and constraints of the task. For
the DIHARD III dataset, it only shows a tiny performance
degradation, e.g., 13.65% compared with 13.31%.

Block length and shift also matter for a better performance.
For DIHARD III, the best performance in Tab. I and II are
typically achieved with an 8s or 16s block length. Conversely,
for Alimeeting, longer block lengths consistently yield im-
proved and stable performance. This contrast may be attributed
to the heterogeneous domains of the DIHARD III dataset,
making hyper-parameter tuning more difficult and resulting
in less stable outcomes. Furthermore, inference with lower
block shifts exhibit enhanced stability, while longer block
shifts introduce greater performance variability.

We also evaluate the multi-channel data on the cross-
channel-based model, which improves the performance on
the Eval and Test set by relatively 14% and 9%, repectively.
In addition, it can provide a more stable performance under
different condition, e.g., it can still show a satisfying perfor-
mance with block length of 2s on the Test set. Compared
to offline TS-VAD [82], the improvement from multi-channel
extension in online TS-VAD is moderate. This is likely due
to the reduced encoder size used to manage GPU memory
requirements during training (3 layers, 4 heads vs. 6 layers,
8 heads). We believe performance could be further enhanced
if the same encoder configuration were employed for multi-
channel extension.

B. Comparison with other offline and online systems

Tab. III presents a comparative analysis of various speaker
diarization systems’ performances on the DIHARD III dataset,
measured by Diarization Error Rates (DERs). Both offline and
online systems with oracle VAD are included. Among offline
systems, the Seq2Seq TS-VAD achieves state-of-the-art perfor-
mance with a DER of 10.77%. For online systems, the ResNet-
based OTS-VAD demonstrates the best performance, achieving
a DER of 13.31%. We also evaluated the proposed model
without oracle VAD by training an additional ResNet-based
VAD model identical to that described in [79]. Results indicate



TABLE I
DER (%) AND JER (%) OF METHODS WITH RESNET AND CONFORMER FRONT-ENDS ON DIFFERENT DATASETS WITH THE ACCUMULATION-BASED
INFERENCE PROCESS IN FIG. 5.

Block length

Dataset Pretraining Front-end Block shift 2s 43 8s 16s
DER JER DER JER DER JER DER JER
0.4s 1580 3395 1453 3246 13.65 33.00 13.65 33.22
ResNet 0.8s 1600 3416 1451 33.13 13.68 3292 1407 33.14
1.6s 1744 3774 1517 3552 1439 3509 1436 34.84
DIHARD III Eval v 0.4s 1934 3627 17.18 3565 1790 3746 17.63 38.84
Conformer 0.8s 1900 3603 1633 3478 1656 3671 1724 38.56
1.6s 18.58 37.55 1689 3698 1688 39.11 1723 40.51
0.4s 2270 4373 1810 3926 1580 36.67 1679 39.47
ResNet 0.8s 2152 4323 1726 3810 1614 3727 1646 3838
1.6s 2227 4465 1756 3890 1639 37.87 16.15 38.54
DIHARD IIT Eval X 0.4s 3021 4796 2243 4348 2095 4407 2165 47.07
Conformer 0.8s 2751 4739 2191 4277 2005 4384 2110 4724
1.6s 2735 5009 21.61 4384 2018 4475 2176 47.94
0.4s 1677 2566 1022 2192 726 1800 537 1532
ResNet 0.8s 1592 2683 1027 2193 857 1985 567 15.80
1.6s 1260 2341 1006 2226 862 2006 843 1975
Alimeeting Eval (Ist Channel) v 0.4s 2474 3659 13.60 23.17 790 1808 5.05 1391
Conformer 0.8s 2792 3947 1672 3003 995 2205 661 1681
1.6s 3206 4503 17.99 3260 958 21.88 878  21.20
0.4s 1562 2640 1146 21.14 1239 1905 687  14.65
ResNet 0.8s 13.84 2526 1374 2126 886 1482 496 12.54
1.6s 1432 2777 1125 2050 7.69 1381 546  13.57
Alimeeting Test (1st Channel) v 0.4s 2879 37.83 2020 26.13 1093 1822 638  13.89
Conformer 0.8s 3121 3974 17.62 2421 1059 18.02 729 1542
1.6s 39.02 4757 1737 2813 1241 2197 966 1931
0.4s 1668 2890 932 1931 897 19.09 526  13.05
Alimeeting Eval (Multi Channels) v ResNet 0.8s 1627 2767 877 1803 9.06 1979 471  12.03
1.6s 1238 2381 1051 2251 922 20.11 481 1217
0.4s 869 1910 648 1565 550 13.80 497 1216
Alimeeting Test (Multi Channels) v ResNet 0.8s 10.70  21.25 9.38 18.15 8.08 13.05 4.50 12.95
1.6s 1261 2331 11.14 1980 7.07 13.04 450 12.60
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Fig. 6. t-SNE visualization of the target speaker embedding in each 16-second block during inference process, where the cosine is employed as the distance
metric. (a), (b) and (c) are the samples from Alimeeting Eval dataset, each of which contains two, three and four speakers, respectively. (d), (e), (), (g) and
(h) are the samples from DIHARD III dataset, each of which contains 2 ~ 6 speakers, respectively.



that the model remains robust, maintaining performance even
with potentially inaccurate VAD results.

Tab. IV presents a comparison of our model with other
systems on the AliMeeting dataset. For offline systems, we
include the official baseline [74] and the winning system [82].
For online systems, we did not find other online systems
evaluated on the AliMeeting dataset, but we can make a
direct comparison with the offline TS-VAD system. On the
AliMeeting evaluation set, both single-channel and multi-
channel OTS-VAD demonstrate similar performance to the
single-channel TS-VAD. On the test set, the single-channel
TS-VAD appears to overfit, while the multi-channel OTS-VAD
maintains strong performance compared to the offline multi-
channel TS-VAD system.

TABLE III
DERS (%) OF DIFFERENT SYSTEMS ON THE DIHARD III DATASET.

# speakers
Methods Latency <4 >5 Total
Offline + oracle VAD
VBx + resegmentation [53] N/A N/A 16.2
Seq2Seq TS-VAD [62] 6.65 2590 10.77
Online + oracle VAD
Zhang et al. [24] 0.5s N/A N/A 19.57
Core samples selection [83] 2s N/A N/A 19.3
EEND-GLA-Large [31] 1s 8.85 38.86 14.70
Conformer-based OTS-VAD 0.8s 9.23 40.53 15.33
ResNet-based OTS-VAD 0.8s 8.78 32,03 1331
Online + system VAD
EEND-GLA-Large [31] 1s 14.81 4517 20.73
ResNet-based OTS-VAD 0.8s 1425 3899 19.07

C. Importance of pretraining

We also evaluate if the speaker verification pretraining of
the front-end module is necessary. As Tab. I and II show,
the model trained from scratch exhibits poorer performance,
particularly for very short block lengths. This suggests that,
without speaker verification pretraining, the front end struggles
to generalize well for frame-level embeddings.

In comparison, the Conformer architecture demonstrates
lower performance than ResNet, both with and without pre-
training. A potential reason may be the removal of the last
attentive pooling layer and the addition of two Conv1D layers
to adjust the time resolution from 20ms to 80ms. These
ConvlD layers are not part of the pretrained model, which
may affect performance.

D. Visualization of target speaker embedding

To evaluate how well the model learns frame-level embed-
dings to form the target-speaker embedding, we present t-SNE
visualizations of the ResNet-based target speaker embeddings
for each block with varying numbers of speakers in Fig. 6.
Specifically, Figs. 6a, 6b, and 6¢c are from the AliMeeting
dataset with 2 to 4 speakers, while Figs. 6d through 6h are
from the DIHARD III dataset with 2 to 6 speakers. Each
point in the figure represents the mean embedding of the
frame-level embeddings within a block during the inference

stage. As shown in Fig. 6, the target speaker embeddings are
well separated, even without a specific training objective for
embedding separation.

E. Training/inference time and real-time factor

Our experiments were conducted on an NVIDIA GeForce
RTX 3090 GPU. Training took approximately 2 days us-
ing two GPUs for each single-channel dataset and 4 days
with eight GPUs for the multi-channel dataset. For the
accumulation-based inference process, we used a single
NVIDIA GeForce RTX 3090 GPU. For the single-channel
ResNet-based OTS-VAD, the inference time for a 16s block is
about 0.064s, while for the multi-channel ResNet-based OTS-
VAD, the inference time for a 16s block is approximately
0.186s. Given that latency corresponds to the block shift, the
real-time factors (RTFs) can be calculated as %, where ¢ is the
average inference time per block and m is the block shift. The
RTFs for single-channel and multi-channel OTS-VAD with a
0.4s block shift are 0.16 and 0.465, respectively, demonstrating
that the proposed method is feasible for online inference.

VI. CONCLUSION

Here’s a refined version of your paragraph for clarity and
flow:

In this paper, we introduce an innovative neural framework,
OTS-VAD, designed for online speaker diarization using a
target speaker profile as guidance. Adapted from the of-
fline TS-VAD framework, this online version employs self-
generated target speaker embeddings to detect speaker activity.
Evaluated on the DIHARD III and AliMeeting datasets, OTS-
VAD consistently demonstrates strong performance across
varied scenarios, establishing its reliability. Additionally, we
enhanced the model’s capabilities to handle multi-channel
data, improving its resilience to different block lengths and
shifts. We also transitioned from the ResNet front end to a
more efficient Conformer encoder, reducing the model size
with minimal performance degradation. Our results show that
OTS-VAD not only meets but, in some cases, surpasses state-
of-the-art benchmarks, approaching the performance of certain
offline speaker diarization systems. Its real-time factor further
suggests suitability for online applications.

However, the model has certain limitations. First, it cur-
rently lacks an integrated voice activity detection (VAD)
component, which could impact applicability in real-world
scenarios. An online VAD model could be easily incorporated
with our proposed OTS-VAD model. During inference, we
could detect speech frames with an online VAD model until
enough frames are gathered to form a block for OTS-VAD
inference. This could be achieved either by using an external
online VAD model or by leveraging the output from the front
end for speech frame detection. Additionally, the model’s
relatively large size and extended CPU inference time present
challenges, though quantization techniques could help address
these issues. Moving forward, our future work will focus on in-
tegrating a VAD module and optimizing the framework’s size
and inference strategy to better suit real-world applications.
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TABLE IV
DERS (%) OF DIFFERENT SYSTEMS ON THE ALIMEETING DATASET, WHERE ORACLE VAD IS EMPLOYED.
SC REFERS TO SINGLE CHANNEL AND MC REFERS TO MULTI CHANNEL

Alimeeting Eval set

Alimeeting Test set

Methods Latency 2 spk 3 spk 4 spk All 2spk 3 spk 4 spk All
Offline
Official baseline [74] - 4.84 1090 23.18 1524  3.00 6.36  30.59 15.60
SC TS-VAD [82] - 0.89 6.63 5.47 4.11 - - - -
MC TS-VAD [82] - 0.61 3.16 3.05 2.25 0.15 5.19 4.37 2.98
Online
ResNet-based SC OTS-VAD 0.8s 0.85 3.98 9.27 5.67 0.33 6.18 8.39 4.96
ResNet-based MC OTS-VAD 0.8s 0.77 4.04 7.45 4.71 0.43 11.60  4.73 4.50
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