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Abstract
Within the domain of multi-talker recordings, many speech
technologies rely on an initial segmentation step of finding
when each person was talking. One common approach to this
task is Target-Speaker Voice Activity Detection (TS-VAD), in
which a model is supplied with a representation correspond-
ing to a particular speaker and then identifies the temporal re-
gions when that person was talking. As in many cases, the
increased complexity of this task over regular Voice Activity
Detection (VAD) imposes constraints on the data used to train
such a model. In this work, we explore conversion of a pre-
trained VAD model into a TS-VAD model via an implicitly-
trained separation front end—decoupling the need for speaker-
discriminative training data from the basic speech/non-speech
data used in training VAD models—which can lead to improve-
ments in model robustness and speech recall in the domains
present only in the training data of the VAD.
Index Terms: TS-VAD, speaker diarization, speech separation

1. Introduction
The ability to focus on a particular person’s speech in an envi-
ronment where multiple people are talking has long been con-
sidered one of the most difficult problems in speech process-
ing [1]. In recent years, much attention has been given to
recordings in which multi-talker conversations are captured by
one or more microphones placed within the room. For example,
the localization/attribution task of speaker diarization (i.e. “who
spoke when?”) is the focus of the DIHARD challenges [2, 3],
and the CHiME challenges [4–6] center on the task of speaker-
attributed multi-talker speech recognition (i.e. “who said what
when?”).

Competitive systems for these tasks can be quite com-
plicated, comprising multiple connected modules and sub-
modules, which can be either modeling-based or data-driven,
i.e. leverage deep learning [7]. The top-performing CHiME
systems almost always contain an explicit diarization step [8–
10], with one of the most significant gains coming from the de-
velopment of TS-VAD [11], based on the Personal VAD [12]
method. In this approach, initial speaker identity vectors for
all people in the recording are computed using a traditional
clustering-based diarization method, and then the TS-VAD
model is conditioned on each of these vectors to find the speech
of each individual person.

In some sense, TS-VAD exists in a space defined by the
rough intersection of three closely-related tasks: voice activ-
ity detection (localization of speech), speech separation/target-
speaker extraction (producing a clean, non-overlapped record-
ing of a person’s speech from a recording with interfering
speech and noise), and speaker diarization (localizing and iden-

tifying the speech of multiple people speaking within a record-
ing). Besides TS-VAD, other methods exist within this space;
there have been numerous approaches to jointly performing
speech separation and diarization [13–15] as well as using sep-
aration as a front-end for diarization [16, 17].

In this work, we aim to explore the task of speaker-
conditioned VAD through integrating an existing pre-trained
VAD with a front end that is styled after target-speaker extrac-
tion models [18, 19]. To do so, we take an approach that avoids
an explicit speech separation module, aiming to avoid some of
the difficulties in coupling speech separation front-ends with
downstream models, as described in previous studies on separa-
tion for diarization [16, 17] and for speech recognition [20, 21].

By directly optimizing the separator from the VAD outputs,
we hope the gradients will be strongest in the regions of the
input features that are most informative for the VAD task, simi-
lar to how training of speech separation systems was improved
by using l2 loss on masked spectrograms rather than the masks
themselves [22]. This focused learning on high-energy spec-
tral regions (i.e. the speech signals) and not silence and noise,
where the mask is irrelevant to the task and is difficult to learn.

Additionally, we hope that this approach will allow lever-
aging a powerful pre-trained VAD for better segmentation than
would be possible to train using the speaker-labeled data re-
quired to train TS-VAD, similar in spirit to attempts within
speech recognition to speaker-condition large-scale transcrip-
tion models like Whisper [23, 24] that would be difficult to re-
produce in multi-talker conditions.

2. System Overview
The core design of this work is to speaker-condition an exist-
ing pre-trained VAD model with an ivector [25] speaker iden-
tity embedding to produce separate voice activity outputs for
both the “target” speaker captured by the ivector and the other
“non-target” speakers. This is accomplished through a front end
speech separation-style target speech extraction network, which
masks the spectral input features of the VAD model, and is ul-
timately trained using supervision generated using the VAD it-
self. Figure 1 diagrams this system and training scheme.

The primary motivations of this design are as follows:
• A powerful pre-trained VAD may be used, such that overall

speech detection performance is not limited by the available
speaker-labeled data.

• Similarly, the speaker-labeled conditioning data need not be
labeled for activity or any annotation beyond identity (such
as transcription).

• A separation-focused approach may provide better detection
of overlapped speech, in contrast to the single-class classifi-
cation objective used in initial TS-VAD models.
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Figure 1: Training flow and basic system overview. Only the
separator is updated in training. The processing paths of the
target speaker and non-target speakers are colored in blue and
orange, respectively, for clarity.

• Optimizing the separator using the downstream VAD output
rather than conventional separation supervision focuses the
separator’s learning on spectral regions of speech that are
useful for VAD.

We call particular attention to the first point within the con-
text of non-target-speaker (NTS) VAD. There is some evidence
that people who contribute only small amounts of speech in a
recording will have their identity lost while performing speaker
diarization with clustering components, despite their speech be-
ing detected during VAD [26], suggesting that models only
struggle with determining their identity. Such cases ultimately
cannot be detected by TS-VAD due to an inability to extract
an embedding vector for them. Our hope is that these speakers
could effectively be captured by the NTS branch of our model,
contrasting models that jointly model speaker identity and ac-
tivity.

2.1. Model Architecture

The model architecture is diagrammed in Figure 2, featuring a
spectral magnitude mask-based system inspired by the speech
separation and target speaker extraction literature. It features
two convolutional neural networks (CNNs) local feature ex-
tractors, after which the ivector speaker embedding is concate-
nated, followed by two bi-directional Long Short-Term Mem-
ory (BLSTM) layers modeling longer-term dependencies, with
a final linear projection layer to the appropriate mask size and
sigmoid activation to restrict the mask to the range [0, 1].

A noteworthy diversion from the separation literature is that
the system operates on the feature space of the pretrained VAD
model, rather than the typical Short-Time Fourier Transform or
learned filter-bank representations. In particular, as speech tech-
nologies frequently operate on log filter-bank energy (LFBE)
features, an element-wise product of the magnitude mask would
not be appropriate, and instead the log of the mask must be
added to the features instead.

2.2. Data Pipeline

Our model was trained using synthetic on-the-fly mixtures gen-
erated using speech from speaker recognition corpora, aug-
mented with noise and reverberation, which we refer to as
“Walkman” datasets. In line with the motivation of our work,
the dataset was designed to parallel speech separation datasets
rather than diarization datasets, with the supervised training tar-
gets being generated from the pre-mixed audio signals rather
than any human annotation of the speech boundaries. The use
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Figure 2: System architecture, with bold components represnt-
ing the learned separator. The ivectors are concatenated to the
post-CNN embedding at each frame. The log sigmoid sum is the
log domain equivalent to a standard spectral magnitude mask.

of on-the-fly generation is to maximize the diversity of sam-
ples seen in training, including the use of sampling-without-
replacement queues on the source corpora of speech, noises, and
room impulse responses (RIRs), to ensure not a single piece of
audio is seen twice in training until necessary. However, fixed
random seeds were used in validation and testing to ensure con-
sistent results across training runs and models.

Despite being closer in design to a separation dataset, we
nevertheless aimed to mimic realistic VAD scenarios featuring
speech onsets and offsets. In each sample, we potentially select
an offset to be present by using the end of a source recording,
placed to finish in the middle of the sample, and similarly poten-
tially select an onset using the start of another recording, placed
in the middle of the sample. This procedure is described pre-
cisely in Algorithm 1. We additionally used a version of this
procedure with fully-overlapping speech for the entire sample
duration more akin to typical speech separation training. The
resulting two versions of the dataset are referred to as Walkman-
diar and Walkman-sep respectively.

3. Experimental Configuration
The key questions we aimed to answer experimentally were:

1. Does the proposed approach improve robustness to the con-
ditions only seen in the VAD model training?

2. Does using the VAD to generate supervision produce a better
model than conventional supervision?

3. Can the model be trained effectively using the fully-
overlapped separation-style (non-conversational) data?

4. Are both TS/NTS outputs necessary in training, as discovered
by Ding et al. [12], since it is no longer a 3-class problem?
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Algorithm 1 Walkman Pipeline for 5-Second Samples

1: use reverb← Bernoulli(0.15)
2: speech wavs← ∅
3: if Bernoulli(0.8) then ▷ Trial will contain an offset
4: offset← last Uniform(1, 4) sec. of next(speech-queue)
5: pad silence to end of offset
6: if use reverb then
7: offset← offset ⊛ next(rir-queue)
8: add offset to speech wavs
9: if Bernoulli(0.8) then ▷ Trial will contain an onset

10: onset← first Uniform(1, 4) sec. of next(speech-queue)
11: pad silence to beginning of onset
12: if use reverb then
13: onset← onset ⊛ next(rir-queue)
14: add onset to speech wavs
15: if Bernoulli(0.6) then ▷ Trial will contain noise
16: noise wav← random 5 sec. of next(noise-queue)
17: if Bernoulli(0.3) or speech wavs = ∅ then
18: spk emb← random({all other ivectors})
19: TS wav← silence
20: else
21: TS wav← random(speech wavs)
22: spk emb← ivector(TS wav)

23: NTS wav← sum(speech wavs)− TS wav
24: mixture← sum(speech wavs) + noise wav
25: return spk emb, TS wav, NTS wav, mixture

3.1. Models

The VAD model1 used is from the SpeechBrain tooolkit [27].
The model was trained on the LibriParty dataset, with additional
augmentation from MUSAN [28] and CommonLanguage [29].
The LibriParty dataset is an artificial cocktail party/meeting sce-
nario dataset generated from LibriSpeech [30] speech record-
ings, with noise from the QUT-NOISE-TIMIT [31] dataset and
reverberation from Ko et al. [32], using conversational simula-
tion as described by Fujita et al. [33].

The ivector extractor2 used is the Kaldi [34] wideband Vox-
Celeb model, trained solely on unaugmented data from Vox-
Celeb 1 [35] and 2 [36]. The choice of ivectors over a more
powerful deep learning model is not unusual in the literature,
and is motivated by a more direct relation between the embed-
ding and the acoustics that may be easier for the model to learn.

For the separation model, the 2D CNN layers have kernels
of size (3, 3) and channel dimensions of 8 and 16 respectively,
with LeakyReLU [37] activation. The BLSTM layers have 500
units in each direction. Given the 40-dimensional LFBE fea-
tures used by the SpeechBrain VAD, the final linear layer con-
tains an output dimension 80 (or 40 in experiments for ques-
tion 4) and uses LogSigmoid activation with summation mask-
ing. The model ultimately contains 12 M trained parameters,
with the VAD being 100 k parameters.

3.2. Data

The Walkman dataset was configured to generate 5 s samples
using VoxCeleb 1 [35] and 2 [36] for speech, MUSAN [28] for
noise (with speech and vocal music removed) and RIRs from
Ko et al. [32]. As there is no inherent notion of an epoch with
procedurally-generated data, we chose to define the training,
validation, and test sets as containing 20 k, 5 k, and 3 k sam-
ples respectively. Since the VoxCeleb corpora contain only train
and test splits, we split the test set in half (maintaining disjoint

1https://huggingface.co/speechbrain/vad-crdnn-libriparty
2https://kaldi-asr.org/models/m7

speaker sets) to form new validation and test sets, which re-
tained enough data for fully-unique procedural samples. Mod-
els were trained using both Walkman-diar and Walkman-sep
configurations to explore question 3, though the test set was
always Walkman-diar to reflect deployment conditions.

We additionally used the dev and eval splits of the Libri-
Party dataset created for the SpeechBrain VAD, to evaluate ex-
perimental question 1. The dev split was monitored in training,
but purely for observational purposes, with only the Walkman
validation set being used for model selection.

3.3. Training Configuration

The models were trained for 300 epochs using the Adam [38]
optimizer, using a learning rate schedule of 0.001× 0.99epoch,
with Binary Cross Entropy as the loss function. The model from
the epoch with the lowest validation loss was selected as the
final model for evaluation.

Dropout of 0.1 was applied to the separator BLSTM layers,
and all dropout layers in the SpeechBrain VAD were enabled
during training. Additionally, Gaussian noise with standard de-
viation 0.5 was added to the ivector at each frame.

For question 2, the model was either trained using log-
its generated by the VAD on the ground truth separated input
(VAD-Supervised, or “VS”) or conventional ground-truth an-
notation supervision (GT).

3.4. Evaluation Configuration

For evaluation, we used the inference mode of the SpeechBrain
VAD, which involves chunking longer audios and using an al-
gorithm to convert frame-wise likelihoods into segmentation.
There is also a double-check feature, for which we used the
plain VAD rather than speaker-conditioned model.

For evaluation we computed F1 score, precision, recall,
false positive rate (FPR), and false negative rate (FNR), all of
which are standard binary classification metrics.

4. Results and Discussion
The results of our core experiments are shown in Table 1.
One obvious conclusion is that using the fully-overlapped
separation-style dataset appears to be completely ineffective,
with performance being on par with simply running the VAD
without any separation masking front-end. The models showed
no signs of failure in the Walkman-sep training and validation
datasets, which indicates that the model is simply not capable
of operating on conversational-style overlap when trained in this
fashion.

Similarly, the single-branch models performed quite poorly,
confirming the findings of Ding et al. [12]. Interestingly, the TS
model appears to be working to some extent, just with very poor
recall, but the NTS seems to fail completely.

Overall, the best-performing model is, disappointingly, the
model that did not use the pretrained VAD, and was simply
trained entirely from scratch. However, it is worth noting that
this model outperforms the SpeechBrain VAD when operated
as a VAD model by fusing the TS and NTS outputs, which
indicates that the other models are likely having their perfor-
mance gated by the comparatively weak VAD backend. This
is not terribly surprising, as the conditioned model has two or-
ders of magnitude more parameters than the SpeechBrain VAD.
We also see that using the ground truth annotations in training
outperforms using the VAD itself for supervision, which we hy-
pothesize is also due to the weak VAD performance, since with

5800



Table 1: Performance breakdown. All metrics in %. VS and GT refer to VAD supervision and ground-truth label supervision. Data style
refers to the Walkman configuration. The VAD column refers to fusing the TS and NTS outputs to evaluate overall VAD performance.
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ground truth labels the separator has the opportunity to learn
to “correct” the signal in cases where the VAD decision would
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O
ve

ra
ll

T
S

N
T

S
F1 Score

nV GT
GT
VS

Precision

nV GT
GT
VS

Recall

0.0 0.25 0.5 0.75 1.0
nV GT

GT
VS

0.25 0.5 0.75 1.0

1

(a) Walkman-diar Test Set

O
ve

ra
ll

T
S

N
T

S

F1 Score

nV GT
GT
VS

Precision

nV GT
GT
VS

Recall

0.0 0.25 0.5 0.75 1.0
nV GT

GT
VS

0.25 0.5 0.75 1.0

1

(b) LibriParty Test Set

Figure 3: Breakdown of model performance per dataset. The
dot indicates mean, thick bars are ± standard deviation, thin
bars are min/max. VS indicates VAD-supervised training, GT
indicates annotation ground truth supervision, and nV indicates
no pretrained VAD was used and the model was fully trained.

However, we start to see the benefit of the proposed method
in evaluation of the LibriParty test set, the results of which are
presented in Figure 3. In this condition, we see a reversal of
ranking of the functional systems, with the model not using
the pretrained VAD performing appreciably worse than the rest.
In particular, we see that the most of the relative drop in per-
formance can be found in recall, especially in the NTS out-
put, where the proposed method retains relatively strong per-
formance. It seems that although the model still struggles to
track the out-of-domain speakers when selected as the target
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Figure 4: Breakdown of performance with model operating as
a VAD, fusing the TS and NTS outputs. The dot indicates mean,
thick bars are ± standard deviation, thin bars are min/max.
VS indicates VAD-supervised training, GT indicates annotation
ground truth supervision, and nV indicates no pretrained VAD
was used and the model was fully trained. SB-VAD is the stock
SpeechBrain VAD model.

speaker, the proposed method still manages to fall back on the
pretrained VAD’s performance for the non-target speech, while
training the model from scratch does not grant this ability.

This is further supported when looking at the performance
of the models when operated as a VAD, i.e. fusing the two out-
put branches, as shown in Figure 4. Here we see that there is a
large negative impact to the overall speech detection capabilities
of the model not using the SpeechBrain VAD on the LibriParty
dataset that it was developed for.

5. Conclusion
We have demonstrated the potential to effectively modify a
VAD model to be a speaker-conditioned VAD model using a
separation front-end module. By leveraging the VAD model as
both a system component and method of supervision, the result-
ing model has improved robustness and recall of speech, partic-
ularly in the detection of non-target speakers.

Future lines of work to explore include leveraging a more
powerful VAD model and exploring the use of neural speaker
embeddings for more competitive performance, as well as de-
veloping support for multi-ivector input, improving the useful-
ness of the non-target output for finding undetected speakers as
postprocessing of conventional diarization systems.
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