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Abstract—Target-speaker voice activity detection (TS-VAD)
improves speaker diarization by modeling speaker activity using
prior speaker embeddings. We present TS-VAD+, a modular
and scalable extension of TS-VAD enhancing robustness and
generalization across diverse acoustic and domain conditions.
TS-VAD+ integrates a transformer-based architecture, replacing
traditional BLSTM, and is modularized to adapt any large-
scale self-supervised speech representations or pretrained speaker
encoders, improving embedding quality. To further strengthen
diarization performance, TS-VAD+ is employed with two ad-
ditional modules: a profile enhancement module employing a
denoising model to suppress noise and embedding leakage, and a
post-processing module refining speech activity boundaries via
an external VAD. Our evaluation on the AliMeeting dataset
and the cross-domain DIHARD-III benchmark shows TS-VAD+
outperforms conventional TS-VAD. Notably, our enhancements
reduce DIHARD-III DER from 19.53% to 17.97%. Scalability
analysis indicates optimal performance when limiting the maxi-
mum number of speakers to eight. The TS-VAD+ code is released,
supporting community research on this modularized approach.1

I. INTRODUCTION

Speaker diarization, the task of determining “who spoke
when” in an audio recording, is a fundamental component
for processing multi-speaker interactions. Its utility spans a
wide range of speech applications like meeting transcription,
broadcast media analysis, and conversational AI, where ac-
curately segmenting and attributing individual speaker turns
is crucial for ASR and speaker recognition. However, this
task presents significant challenges in precisely identifying
speaker transitions, accurately attributing speech segments,
and robustly handling adverse acoustic conditions such as
overlapping speech, background noise, and varying channel
characteristics.

Traditionally, diarization relied on multi-stage clustering
approaches, encompassing Voice Activity Detection (VAD),
speaker feature extraction (e.g., i-vectors, x-vectors), and sub-
sequent clustering (e.g., Agglomerative Hierarchical Clustering
(AHC), Spectral Clustering). The Bayesian HMM clustering
of x-vector sequences (VBx) [1] system offers a robust proba-
bilistic framework for segmenting and clustering speaker turns.
Despite their widespread use, these multi-stage approaches
frequently suffer from error propagation across sequential
components, notably struggling with accurately separating
speakers during overlapping speech, and require extensive
hyperparameter tuning for optimal performance.

1The code is available at https://github.com/TonnyTran/TSVAD

End-to-End Neural Diarization (EEND) models directly map
audio features to diarization outputs, overcoming multi-stage
pipeline limitations. Early EENDs, like BLSTM-EEND [2],
used permutation-free objectives for speaker label assignment.
Subsequent advancements, such as Encoder-Decoder Based
Attractor (EDA) calculation for EEND (EEND-EDA) [3],
significantly improved speaker representation learning. More
recent research explores advanced neural architectures includ-
ing DiaPer [4], EEND-M2F [5], and novel Mamba-based
Segmentation Models [6]. While EEND simplifies pipelines
and often performs well, their scalability with many speakers
and robustness in highly noisy or reverberant environments
remain critical research areas.

Target-Speaker Voice Activity Detection (TS-VAD) explic-
itly models speech activity for specific speakers using en-
rollment embeddings, significantly enhancing performance in
multi-speaker overlapping speech where conventional VAD
struggles [7]. Subsequent TS-VAD variants include Seq2Seq-
TS-VAD [8], PET-TSVAD [9], EDA-TS-VAD [10], and
ANSD-MA-MSE [11]. However, existing TS-VAD systems
face challenges: their performance degrades under diverse
acoustic conditions and noise due to poor domain gener-
alization. They are also highly sensitive to initial speaker
embedding quality, with issues like embedding leakage or
noisy embeddings degrading performance. Achieving optimal
Diarization Error Rates (DER) further necessitates refined
speech activity boundaries and additional post-processing.

To address these shortcomings and enhance target-speaker
diarization robustness and generalization, we propose TS-
VAD+, a modular, adaptable framework. Extending original
TS-VAD, this work includes key enhancements: a transformer-
based architecture for improved temporal modeling; large-scale
self-supervised speech representations; pretrained speaker en-
coders to boost embedding discriminability and acoustic re-
silience; a profile enhancement module explicitly utilizes a
powerful denoising model (e.g., DEMUCS [12]) to purify
speaker embeddings and mitigate cross-speaker leakage; a ded-
icated post-processing module leverages external, highly accu-
rate VAD systems (e.g., Pyannote VAD [13]) to refine speech
activity segmentation, reducing false alarms and ensuring pre-
cise boundary detection. TS-VAD+’s modularity provides ex-
ceptional flexibility. We conduct comprehensive experimental
evaluations on AliMeeting and DIHARD-III benchmarks, and
perform scalability analysis for optimal speaker configurations.
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II. PRIOR WORK

Target Speaker Voice Activity Detection (TS-VAD) [10]
is a technique designed to identify and segment the speech
activities of specific target speakers within a given audio
stream. It operates based on the profiles of these target
speakers, such as i-vectors, which serve as representations of
their unique characteristics. The typical TS-VAD architecture
consists of three primary modules: a Convolutional Neural
Network (CNN) based encoder, a Bidirectional Long Short-
Term Memory (BLSTM) based independent-speaker-detection
(ISD) module, and a BLSTM-based joint-speaker-detection
(JSD) module.

The CNN-based encoder extracts high-level embeddings
from the audio input, capturing features crucial for speaker
identity. These embeddings are then fed into the ISD module,
which processes each target speaker independently, leveraging
their profile to accurately identify their individual speech activ-
ities. Concurrently, the JSD module performs joint modeling to
predict the activities of all speakers simultaneously, capturing
both temporal and cross-speaker correlations. However, this
BLSTM-based joint modeling can limit capturing long-range
temporal dependencies and complex inter-speaker dynamics,
impacting scalability and performance in dynamic or dense
speaker environments.

III. THE PROPOSED FRAMEWORK

We present TS-VAD+, a modular TS-VAD with several key
enhancements, including a transformer-based TS-VAD design
for improved temporal modeling, robust speech representations
from large-scale self-supervised models, advanced pretrained
speaker encoders, a profile enhancement module for purifying
speaker embeddings, and a post-processing module for refining
speech activity segmentation. The overall architecture of TS-
VAD+ is illustrated in Fig.1, showcasing its modular design.

A. Overall Architecture

The TS-VAD+ framework detects simultaneous voice activ-
ity for up to N target speakers from raw audio, optionally
using an initial RTTM file. The pipeline begins with an SSL
speech representation module, extracting frame-level embed-
dings E ∈ RT×E (T : sequence length, E: embedding dimen-
sion). Concurrently, a pretrained speaker encoder generates N
speaker profiles, Pn (dimension P ).

Selecting target speech for the fixed N speakers is crucial.
During training, ground truth extracts active speaker segments;
if fewer than N speakers are active, we either randomly aug-
ment profiles from other utterances or pad with zero tensors. In
inference, an x-vector clustering system selects target speakers,
as ground truth is unavailable.

Each speaker’s profile Pn is duplicated T times and con-
catenated with E, forming N mixed embeddings Qn ∈
RT×(E+P ). These mixed embeddings integrate speaker iden-
tity and audio content for detection.

TS-VAD+ significantly enhances temporal modeling and
sequence-level reasoning through a transformer-based architec-
ture. This approach, unlike simpler recurrent or feed-forward
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Fig. 1. Modularizing TS-VAD+ model

networks, excels at capturing long-range dependencies via self-
attention. As shown in Fig.1, the central detection mecha-
nism uses two cascaded transformer models. First, a 6-layer
independent-speaker-detection module processes each Qn in-
dependently, using shared weights for efficiency. It outputs N
distinct feature sequences, Fn ∈ RT×F (F : new feature di-
mension). These N features are concatenated into a combined
RT×(N ·F ) tensor, then fed into the second transformer: a joint
speaker detection module. This module leverages contextual
information across all speakers for a final, refined decision.
The binary output, T×N , indicates per-frame speaker activity.
This hierarchical transformer design enables comprehensive
understanding of multi-speaker interactions and precise tempo-
ral localization. The model is trained by minimizing the sum
of binary cross-entropy losses across all speakers.

B. Speech Representation

To ensure robustness, TS-VAD+ incorporates large-scale
self-supervised speech representations. These advanced mod-
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els, trained on vast unlabeled speech data, learn highly robust
and discriminative features less susceptible to noise or envi-
ronmental variations. Examples include:

• wav2vec2 [14]: Learns representations by masking audio
and predicting content using a transformer.

• UniSpeech [15]: Extends wav2vec2 with multi-modal pre-
training (speech and text).

• Whisper Encoder [16]: A strong self-supervised represen-
tation learner, trained on diverse audio and transcript data.

• WavLM [17]: Builds on HuBERT and wav2vec2, enhanc-
ing robustness by focusing on both content and speaker
information via a masked prediction task.

The module outputs a T × E tensor.

C. Speaker Encoder

For speaker profile generation, TS-VAD+ employs well-
established, pretrained speaker encoders. Trained on exten-
sive speaker identification/verification datasets, these encoders
produce highly discriminative and robust speaker embeddings
across various acoustic conditions. Examples include:

• ECAPA-TDNN [18]: An advanced Time-Delay Neural
Network (TDNN) for speaker verification, known for
robustness with squeeze-and-excitation and channel-wise
attention.

• CAM++ [19]: A state-of-the-art Transformer-based
speaker embedding model using additive angular margin
(AAM) loss.

• WavLM-sv [17]: A specialized WavLM variant for
speaker verification, leveraging WavLM’s self-supervised
representations fine-tuned for speaker-specific features.

The encoder outputs a vector of dimension P for each
speaker, representing their unique voice characteristics.

D. Profile Enhancement

TS-VAD+ introduces a critical profile enhancement module
utilizing a speech enhancement model to purify speaker em-
beddings and suppress cross-speaker leakage. Contaminated
speaker profiles, common in multi-speaker conversations due
to other speakers or noise, can degrade VAD performance.
Our module leverages advanced speech enhancement models
such as DEMUCS [12] to clean input speaker profiles (Fig.1),
isolating the target speaker’s vocal characteristics. This results
in purer, more discriminative embeddings, leading to accurate
and reliable VAD decisions.

E. Post-processing

Finally, TS-VAD+ includes a post-processing module that
refines speech activity segmentation and reduces false alarms.
The raw joint speaker detection output provides frame-level
activity scores, which can be noisy. We integrate external,
optimized VAD systems, such as PyAnnote VAD [13], as a
refinement layer. This system smooths output, corrects spu-
rious detections, and fills small gaps. This step significantly
improves temporal accuracy and reduces false alarms, yielding
cleaner, more reliable speech activity segmentation.

IV. EXPERIMENTAL SETUP

A. Datasets

1) AliMeeting: The AliMeeting dataset [20] presents a
comprehensive resource for evaluating speaker diarization sys-
tems in Mandarin meetings, featuring over 118.75 hours of
real-world recordings. It captures diverse scenarios with 15-
30 minute discussions among 2-4 participants in conference
rooms and offices. Offering balanced participant representation
and covering various room sizes, noise levels, and microphone-
speaker distances, AliMeeting allows for detailed study of the
impact of acoustic conditions on performance. Importantly, it
incorporates both near-field and far-field recordings.

2) DIHARD-III: The DIHARD III dataset [21] is a rich
and diverse corpus of audio recordings across various domains
and conditions. The dataset consists of 5-10 minute segments
sampled from 11 conversational domains, which cover a wide
range of recording equipment, environments, noise levels,
speaker demographics and interaction types. The Third DI-
HARD Challenge includes two tracks: diarization from ref-
erence speech activity detection and diarization from scratch.
The DIHARD III Challenge is designed to support speaker
diarization research. It does not provide a fixed training set,
allowing participants to train their systems on any proprietary
and/or public data.

3) Simulated Data: For TS-VAD training, a 1000-hour
wideband (16kHz) simulated dataset was created, primarily us-
ing the Librispeech corpus for speech. Following the methodol-
ogy from Landini et al. [22] this dataset meticulously mimics
speaker turns, silent periods, and overlaps based on RTTM
statistics to realistically generate multi-speaker conversations.
Each simulated conversation segment ranges from 5 to 20
minutes and features 1 to 10 speakers. To ensure acoustic
diversity and realism, the speech is combined with background
noise from the MUSAN corpus and convolved with varied
room impulse responses, such as those from the Simulated
Room Impulse Response Database. Signal-to-Noise Ratios
(SNRs) are sampled across 0, 5, 10, 15, and 20 dBs, providing
a comprehensive and acoustically rich training resource that
closely approximates real-world conversational audio.

B. Configurations

While experimenting on the Alimeeting dataset, TS-VAD+
was trained over 40 epochs (the speech representation model
was frozen for the initial 10 epochs). On DIHARD-III, the
TS-VAD pipeline was first trained for 30 epochs on a mixture
of 1000-hour simulated data, VoxConverse, and MSDWild
(with the speech representation model frozen for the initial
10 epochs), then fine-tuned for 20 epochs on the DIHARD-III
development set.

Audio was processed at 16 kHz in 4 s (100-frame) windows
and fed to the network in batches of 160. On-the-fly augmen-
tation mixed MUSAN noise [23] and simulated RIRs [24] to
inject real-world reverberation and clutter. Optimization uti-
lized AdamW (initial LR 1×10−4, 0.9 step decay per epoch),
and a binary-cross-entropy-with-logits loss was employed.

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 632



TABLE I
TS-VAD+ WITH DIFFERENT SPEECH REPRESENTATIONS AND SPEAKER

ENCODERS ON ALIMEETING

ID Speech
Representation

Speaker
Encoder

DER
(c=0.00s)

DER
(c=0.25s)

A1 wav2vec2 Base ECAPA TDNN 16.9 9.79
A2 wav2vec2 Large ECAPA TDNN 16.51 9.55
A3 Unispeech ECAPA TDNN 16.41 9.49
A4 Whisper Encoder ECAPA TDNN 17.53 10.29
A5 WavLM Large ECAPA TDNN 16.37 9.49
A6 WavLM Base + ECAPA TDNN 17.70 10.93
A7 finetuned WavLM Base + ECAPA TDNN 15.94 9.05
A8 finetuned WavLM Base + CAM++ 17.67 10.17
A9 finetuned WavLM Base + WavLM-sv 17.67 10.24
VBx+OSD+VAD [4] 28.84 15.60
PyAnnote3.1 [13] 24.40 15.51
DiaPer [4] 26.27 18.82
Mamba-based Segmentation Model [6] 16.20 -
EEND-M2F [5] 13.20 5.87

C. Evaluation metric

The performance of the TS-VAD model was evaluated
using the Diarization Error Rate (DER), calculated using the
md-eval perl script with two collar conditions: c = 0.00s
(oracle boundaries) and c = 0.25s (standard tolerance for
speaker transitions). DER is further broken down into three
components: Miss Speech (MS - segments where ground truth
speech is not detected), False Alarm (FA - segments where
non-speech is incorrectly detected as speech), and Speaker
Confusion (SC - segments where speech is correctly detected
but attributed to the wrong speaker).

V. RESULTS AND ANALYSIS

We comprehensively evaluate TS-VAD+’s effectiveness
across three modular aspects. First, we explore the most
effective speech representation and speaker encoder config-
uration using the AliMeeting dataset. Second, we assess the
benefits of profile enhancement and post-processing on the
challenging DIHARD-III dataset. Finally, we examine TS-
VAD+’s scalability by varying target speaker density.

A. Speech Representation and Speaker Encoder

We evaluated TS-VAD+’s performance using a variety
of SSL speech representations, specifically wav2vec2 Base2,
wav2vec2 Large3, Unispeech4, Whisper Encoder5, WavLM
Large6, WavLM Base+7, and a Librispeech-finetuned WavLM
Base+8. We also assessed its performance with several pre-
trained speaker encoders, namely ECAPA TDNN9, CAM++10,
and WavLM-sv11. All evaluations were conducted on the
AliMeeting dataset. Models were trained on the AliMeeting
training set, with optimal configurations determined using the

2https://huggingface.co/facebook/wav2vec2-base
3https://huggingface.co/facebook/wav2vec2-large
4https://huggingface.co/microsoft/unispeech-large-1500h-cv
5https://huggingface.co/openai/whisper-large-v3
6https://huggingface.co/microsoft/wavlm-large
7https://huggingface.co/microsoft/wavlm-base-plus
8https://drive.google.com/file/d/1-zlAj2SyVJVsbhifwpTlAfrgc9qu-HDb
9https://github.com/TaoRuijie/ECAPA-TDNN
10https://www.modelscope.cn/models/iic/speech campplus sv zh-cn

3dspeaker 16k
11https://huggingface.co/microsoft/wavlm-base-plus-sv

TABLE II
TS-VAD+ WITH PROFILE ENHANCEMENT AND POST-PROCESSING ON

DIHARD-III

ID Model Profile
Enhancement

Post
Processing DER MS FA SC

D1 TS-VAD+ - - 19.53 9.67 7.15 2.72
D2 TS-VAD+ DEMUCS - 19.39 9.90 6.83 2.67
D3 TS-VAD+ - VAD 18.11 11.13 4.44 2.54
D4 TS-VAD+ DEMUCS VAD 17.97 11.36 4.11 2.49
TS-VAD [11] 20.12 - - -
VBx+OSD+VAD [4] 20.28 10.14 3.93 6.15
PyAnnote3.1 [13] 21.70 8.15 6.17 7.29
DiaPer [4] 22.77 11.31 5.83 5.58
EEND-EDA [3] 21.94 - - -
ANSD-MA-MSE [11] 16.76 - - -
Mamba-based Segmentation Model [6] 16.70 - - -
EEND-M2F [5] 16.07 - - -

development set and final testing performed on the test set.
Due to AliMeeting sessions typically containing 2-4 speakers,
we set N to 4. During inference, TS-VAD+ enhances initial
coarse speaker segments, which are generated by VBx RTTM,
through the application of target-speaker modeling.

As shown in Table I, the best performance is achieved
when combining finetuned WavLM Base + features with the
ECAPA-TDNN encoder, yielding a DER of 15.94% (c = 0.00s)
and 9.05% (c = 0.25s). Other strong configurations include
WavLM Large (16.37%, 9.49%) and Unispeech (16.41%,
9.49%), all paired with ECAPA-TDNN. In contrast, models
using CAM++ or WavLM-sv encoders exhibit significantly
higher DERs, indicating poor compatibility with TS-VAD+.

Compared to recent results, our TS-VAD+ method signif-
icantly improves upon VBx+OSD+VAD [4], PyAnnotate3.1
[13], DiaPer [4], and Mamba-based Segmentation Model
[6]. Furthermore, TS-VAD+ closely matches EEND-M2F [5]
(13.20% DER at c=0.00s, 5.87% at c=0.25s), positioning our
approach as a highly competitive solution for diarization.

B. Profile Enhancement and Post-processing

We further assess TS-VAD+ on the DIHARD-III corpus (full
set), which presents significant domain mismatch due to its
lack of training data and diversity across 11 domains. Our base
model is pretrained on a mixture of 1000-hour simulated data,
VoxConverse, and MSDWild, then fine-tuned on the DIHARD-
III development set. The maximum number of speakers N is
set to 8, with a collar size c = 0.00s, and no oracle VAD is
applied during inference. TS-VAD+ is equipped with finetuned
WavLM Base + and ECAPA TDNN, which is the best set up
from above experiment.

Table II illustrates that TS-VAD+ surpasses conventional
TS-VAD, achieving a 0.59% absolute improvement in DER.
We then analyzed the impact of two distinct modules: profile
enhancement via DEMUCS, and post-processing with PyAn-
note’s neural VAD. DEMUCS effectively enhances speaker
embedding quality, while the PyAnnote VAD mitigates speech
activity detection errors. The combined application of both
modules yields the most significant performance gain, reducing
the DER from 19.53% to 17.97%. This setup also demonstrates
a decrease in false alarms (FA) from 7.15% to 4.11% and a
reduction in speaker confusion (SC) from 2.72% to 2.49%.
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TABLE III
PERFORMANCE OF TS-VAD+ IN SPECIFIC DOMAINS ON DIHARD-III

ID Domain Num speakers Overlap Ratio (%) DiaPer PyAnnote3.1 VBx+OSD+VAD TS-VAD+
1 audiobooks 1 0.00 3.32 4.07 4.52 3.91
2 broadcast interview 3-4 1.61 18.94 10.56 8.86 9.12
3 clinical 2-3 3.21 18.36 24.79 20.51 16.56
4 court 3,6-9 1.79 34.42 11.49 6.59 9.27
5 cts 2 11.77 12.06 14.44 14.22 10.93
6 maptask 2 1.83 8.21 10.59 9.63 10.79
7 meeting 3-6 21.30 43.63 38.08 35.67 31.21
8 restaurant 4-8 26.77 63.66 49.85 52.05 46.33
9 socio field 2-3 4.53 15.34 20.86 18.47 15.81

10 socio lab 2 3.58 11.02 14.96 10.50 11.77
11 webvideo 1-7 17.57 48.72 49.99 48.22 47.75
All All 1-9 9.37 22.77 21.70 20.28 17.97
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Fig. 2. TS-VAD+ with different maximum number of speakers

While EEND-M2F remains the top-performing model with
a DER of 16.07%, our best TS-VAD+ configuration is compet-
itive despite relying on a modular architecture. Furthermore,
TS-VAD+ significantly outperforms recent baselines includ-
ing VBx+OSD+VAD, PyAnnote3.1, and DiaPer, achieving
absolute DER improvements of 2.3% to 4.8%. These results
underscore the advantage of incorporating DEMUCS and
post-processing into TS-VAD+ for enhanced robustness under
challenging acoustic and domain conditions.

A domain-wise analysis (Table III) further illustrates the
generalization capacity of TS-VAD+ across a variety of real-
world scenarios compared to popular systems including Diaper,
PyAnnote3.1 and VBx+OSD+VAD. TS-VAD+ consistently
outperforms all baselines in most domains, with notable gains
in clinical and cts, highlighting its strength in conversational
and structured dialogue settings. Especially in highly over-
lapping, large number of speakers and acoustically complex
environments such as meeting, restaurant and webvideo, TS-
VAD+ achieves lower DERs than all other methods. These
results demonstrate that TS-VAD+ not only delivers strong
average performance but also maintains stable effectiveness
across diverse and challenging acoustic domains.

C. Scalability based on maximum number of speakers

We assess the scalability of TS-VAD+ on the DIHARD-
III evaluation set by varying the maximum number of target

speakers N ∈ {2, 4, 6, 8}. Recordings are grouped by actual
speaker count, and DER is analyzed in relation to speaker
overlap. As shown in 2, higher speaker counts generally
correspond to higher overlap ratios, for example, the 5-speaker
group has an overlap ratio of 27.45%, while the 8-speaker
group reaches 18.65% resulting in more challenging diarization
conditions with high DER.

With lower N values (e.g., 2 or 4), the model struggles
to accommodate complex multi-speaker scenarios, resulting in
high DERs. Raising N to 6 yields noticeable improvements,
particularly for recordings with more than four speakers.
However, setting N = 8 delivers the most consistent and
significant gains. For instance, DER in the 9–10 speaker group
drops from 45.53% at N = 2 to 9.38% at N = 8, with similar
improvements seen in other high-overlap groups. Importantly,
N = 8 also maintains competitive performance in low-
speaker conditions, such as single- and two-speaker recordings,
showing no notable degradation compared to smaller N values.
These findings confirm that N = 8 provides robust coverage
for both simple and complex speaker configurations.

VI. CONCLUSIONS

We introduce TS-VAD+, a modular, adaptable framework
enhancing target-speaker diarization robustness and generaliza-
tion. Extending TS-VAD, it employs a transformer-based archi-
tecture for temporal modeling and integrates large-scale self-
supervised speech representations/pretrained speaker encoders,
boosting embedding discriminability and acoustic resilience.
TS-VAD+ also includes profile enhancement (purifying em-
beddings, mitigating leakage) and post-processing (refining
speech activity boundaries via external VADs). Its modularity
offers exceptional flexibility. Evaluations on AliMeeting and
DIHARD-III demonstrate effectiveness; scalability analysis
indicates optimal performance up to eight speakers. This high-
lights modular design and advanced deep learning potential
in robust, generalized target-speaker diarization; future work
could explore module fusion and performance in extreme noise
or more speakers.
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