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Abstract—In spite of the popularity of end-to-end diarization
systems nowadays, modular systems comprised of voice activity
detection (VAD), speaker embedding extraction plus clustering,
and overlapped speech detection (OSD) plus handling still attain
competitive performance in many conditions. However, one of
the main drawbacks of modular systems is the need to run
(and train) different modules independently. In this work, we
propose an approach to jointly train a model to produce speaker
embeddings, VAD and OSD simultaneously and reach competitive
performance at a fraction of the inference time of a modular
approach. Furthermore, the joint inference leads to a simplified
overall pipeline which brings us one step closer to a unified
clustering-based method that can be trained end-to-end towards
a diarization-specific objective.

Index Terms—speaker diarization, speaker embedding, voice
activity detection, overlapped speech detection

I. INTRODUCTION

Until a few years ago, competitive speaker diarization
systems were mostly modular [1]-[3], i.e., consisting of
different modules to handle voice/speech activity detection
(VAD/SAD), embedding extraction over uniform segmen-
tation, clustering, optional resegmentation, and overlapped
speech detection (OSD) and handling. However, end-to-end
models such as end-to-end neural diarization (EEND) [4], [5],
and two-stage systems such as target-speaker voice activity
detection (TS-VAD) [6] or end-to-end with vector clustering
(E2E-VC) [7]-[10] have recently gained more and more
attention. The reasons for this are mainly their inherent
ability to handle overlapped speech (where modular systems
underperform) and fewer steps at inference time. Nevertheless,
in contrast with modular systems, single-stage end-to-end
systems do not handle well scenarios with many speakers [11]
and they are very data-hungry, requiring high volumes of
training data with diarization annotations.

While two-stage systems produce per-frame speaker labels
directly with a neural network (NN), they still build on cluster-
ing of embeddings: TS-VAD normally uses a clustering-based
approach for initialization and recent competitive approaches
based on E2E-VC [12] make use of the best speaker embed-
ding extractors available together with clustering to reconcile
short-segment decisions. Besides, modular systems can still
attain competitive performance in certain scenarios [13], so
speaker embedding extraction and clustering are still very
relevant for diarization today.
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Speaker embedding extraction and clustering have been the
main components of modular systems for more than a decade.
Since the development of x-vectors [14], the embeddings have
been NN-based with new versions such as ResNet [15], [16],
ECAPA-TDNN [17] or ECAPA2 [18] providing better and
better results for speaker recognition and verification. These
models are trained and utilized on at least a few seconds-long
recordings for these tasks, but for diarization, embeddings are
extracted on shorter segments since speakers can have short
turns. However, the models are not designed for such usage,
and tailoring them could lead to better performance [19]-[23].

In the context of clustering-based diarization, VAD (and
optionally OSD) is needed. In this work, we modify the
embedding extractor to produce per-frame embeddings for the
whole recording at once, naturally avoiding multiple calls to
the embedding extraction routine and speeding up the process,
while producing VAD and OSD labels for each embedding.
This is done by removing the pooling mechanism and in-
troducing linear layers to produce VAD and OSD decisions
from the embeddings. Moreover, we train the model for
VAD+OSD and for embedding extraction on different data,
thus taking advantage of different types of supervision that
different corpora might offer, without generating synthetic
training data, which is usual for E2E systems [4], [24]-[26].

In related works like [27], before x-vectors became popular,
a single NN was used to extract per-frame speaker embeddings
and produce VAD and OSD labels. However, the quality of the
embeddings was restricted by the contrastive loss used to train
the model and the limited speaker set contained in diarization-
annotated datasets. In [28], per-frame embeddings were pro-
duced in a teacher-student framework where the teacher model
produced per-segment embeddings. More recently, in [29],
[30], the embedding extractor was used to provide VAD labels
as a by-product of using information encoded in intermediate
representations in a weakly supervised VAD framework.

The results obtained with our proposed approach show that
it is possible to train a single model for the three tasks
(VAD, embedding extraction, OSD) and produce high-quality
embeddings at a higher frequency. This opens up the space for
building speaker verification systems that can discard silence-
and overlap-related frames before producing per-utterance
embeddings. Moreover, the results are encouraging in our plan
to combine this model with discriminative VBx (DVBx) [31],
which will enable training of the whole modular pipeline in
an end-to-end fashion towards a diarization-specific objective.
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II. STANDARD METHODS

A. Diarization system pipeline

We follow a standard modular pipeline (Figure la): VAD,
embedding extraction, and clustering of those embeddings.
Since clustering-based approaches assume a single speaker
for each embedding, in order to handle overlaps between
speakers, OSD is necessary. We assign second speakers in
overlap segments based on the heuristic [32] that assigns the
second closest (in terms of time) speaker. The embeddings,
VAD and OSD labels can be produced by specific models
trained for each of the tasks or, as we present in this work,
produced by the joint speaker embedding extractor, VAD, and
OSD model. The proposed pipeline is shown in Figure 1b. We
use VBx [33] for clustering the embeddings with DVBx [31]
to find suitable hyperparameters.

B. Baseline embedding extraction

A typical embedding extractor used in speaker recognition
(Figure 2a) consists of an encoder processing the information
frame-by-frame, a pooling mechanism, and a feed-forward NN
processing segment-level information. In all of our experi-
ments, we use a ResNet-101 architecture [15] as an encoder
for the embedding extractor [16]. However, the same ideas
and extensions can be applied to other common architectures.
The encoder transforms a sequence of 64-dimensional log
Mel-filterbanks extracted every 10 ms into a shorter sequence
(one vector per 80 ms of the original audio) of internal 8192-
dimensional representations. Note that the theoretical receptive
field of ResNetlOl1 is slightly longer than 2.5s, so each of
the internal representations is estimated on a relatively long
segment of speech, much more than only 80 ms.

The encoder is followed by a pooling layer that combines
the information along the temporal dimension. Thus, the whole
audio is represented by a single fixed-dimensional vector
independently of its length, thus “per-segment” embedding.
As a pooling layer, we chose the commonly used temporal
statistical pooling [14] - the concatenation of the means and
standard deviations of temporal representations. Then, the
pooled vector is passed through a fully connected layer, which
reduces its dimensionality, and finally enters the classification
head during training. At inference time, the activations of the
fully connected layer are used as speaker embeddings.

For the sake of making fair comparisons, all systems utilize
a ResNet-101 trained with the WeSpeaker toolkit [34]. The
models are trained to classify speakers in the training set with
AAM loss [35], [36] on VoxCeleb2 (VC2) [37]. Training hy-
perparameters such as learning rate, margin scheduler, number
of epochs, etc., follow the official WeSpeaker VoxCeleb recipe.

III. PROPOSED MODIFICATIONS
A. High-resolution speaker embedding extraction
The first modification to the usual architecture is the removal
of the pooling layer common to all embedding extractors.
We add a linear layer to reduce the dimensionality of the
embeddings coming from the ResNet from 8192 to 256 - as
in the baseline. When doing so, the model simply transforms
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Fig. 1: Comparison of modular diarization pipelines.
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Fig. 2: Standard and proposed embedding extraction. In the
proposed approach, all embeddings are used to calculate the
VAD loss, but only those corresponding to speech are used
for the OSD loss. Speaker embeddings are denoted in cyan.

each frame into a speaker embedding expected to have infor-
mation about the speaker active at that moment. These low-
dimensional representations are then fed into the classification
head, as shown in Figure 2b (left). The model is then trained
with the same strategy as the original “per-segment” embed-
ding extractor. Unlike the ’per-segment” variant, the per-
frame” embedding extractor produces one embedding every
80,ms, determined by the ResNet stride, each labeled as some
speaker in our case.

While the parameters of the model can be learned from a
random initialization, one of the alternatives that we explored
for training the per-frame embedding extractor was to initialize
the parameters of the encoder with those of a model trained
to produce per-segment embeddings (removing the pooling
layer), and then retrain it to produce per-frame embeddings.
The obtained model produced embeddings that allowed for
similar diarization performance as training the model without
a pooling layer from scratch; however, the convergence was
much faster. Note that this is different from the teacher-student
approach followed in [28], where a student model is trained
to produce higher resolution embeddings (yet still using pool-
ing) given an already trained teacher per-segment embedding
extractor. In our case, we simply modify the original model
and adapt it to produce higher-resolution embeddings.



B. Integrated VAD and OSD

The second modification, seen in Figure 2b (right), is the
addition of VAD and OSD ‘“heads”, which produce speech
and overlap per-frame probabilities, respectively. Each per-
frame embedding is passed through linear layers to produce
the VAD and OSD logits. Both heads are trained using binary
cross-entropy (BCE) loss. While all embeddings are used for
the “VAD loss”, only speech frames are used to calculate the
“OSD loss”, i.e., the head calculates the conditional probability
that the frame is overlap given that it is speech.

In order to train the model in a multi-task fashion, the final
loss to optimize is obtained as the weighted sum of the AAM,
VAD BCE, and OSD BCE losses (with empirically obtained
weights of 1, 5, and 2, respectively). Since VAD and OSD are a
priori simpler tasks than speaker classification, there is no need
to train the model on all tasks from the beginning. Besides,
the same parameters are used for all tasks, but the model
should use most of its potential for embedding extraction
rather than VAD/OSD. Thus, we first train ResNet for per-
frame embedding extraction. Only then the VAD and OSD
heads are added and trained in a second training step for a
few epochs. Training only VAD and OSD (i.e., without AAM
loss) in the second stage can degrade speaker classification,
so all three losses are necessary.

Another aspect is that the data used to train embedding
extraction usually consist only of the speech of a single
speaker (i.e., no silence or overlaps). Hence, using the same
data for training the VAD and OSD heads is not possible. For
this reason, we utilize a compound set of different corpora
with diarization annotations to train the VAD and OSD losses.
Since these datasets usually do not have absolute speaker
labels and also contain only a limited number of speakers, they
are not suitable for optimizing the embedding extraction loss.
Conversely, speaker labels are not necessary to compute the
VAD and OSD losses. Therefore, in the multi-task training, the
VC2 data is used to calculate the AAM loss (Figure 2b left),
and the compound set is used to calculate the VAD and OSD
losses (Figure 2b right). Each loss is used to update all the
parameters of the ResNet and its corresponding classification
head. At inference time, there is a single forward pass that
produces embeddings and VAD and OSD decisions. Note that
this setup takes advantage of the supervision available for
different tasks in a natural way and differs from EEND-like
models which require all labels for all training data.

IV. EXPERIMENTAL SETUP

A. Datasets

In order to evaluate the robustness of the proposed ap-
proach, we utilized two popular datasets: DIHARD II [38]
and AMI [39] in its single distant microphone (SDM) version.
Information about the datasets is presented in Table I. To train
the model for VAD and OSD, a compound set was utilized,
comprised of data from AISHELL-4 [40], AliMeeting [41]
(mix far and near field), AMI [39], [42] (mix-headset and mix-
array), DIHARD III [43], MSDWild [44], and RAMC [45].
For DIHARD III, where a train set was not available, the
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development set was included in the compound set; otherwise,
the train set was used. The speaker embedding extractor was
trained using the AAM loss on the VoxCeleb2 dataset [37],
with 2290 hours of speech from 5994 speakers.

B. Baseline and proposed method configurations

The baseline system uses VAD from pyannote [9] to identify
speech regions. Per-segment embeddings are then extracted
from these regions using 1.5 s segments with a 0.25 s
stride. In the proposed system, per-frame embeddings are
extracted every 0.08 s over the entire utterance, including si-
lences. VAD—either from pyannote or a trained classification
head—is then used to selects only speech-frame embeddings,
which are then clustered by VBx following the recipe in [33].

For all systems, the embedding extractor and probabilistic
linear discriminant analysis (PLDA) model needed by VBx
were trained on VC2 data, where the training examples are
6s segments, randomly selected from the original VC2 utter-
ances (original cuts). For PLDA training, one embedding was
extracted from each such segment. In the per-frame system
such embedding is selected from one random frame in the
segment. DVBx [31] tuned on the development (or train, in the
case of AMI) set was used to obtain VBx hyperparameters. As
a final step, second speakers were assigned using pyannote’s
OSD and a heuristic that labels overlap regions based on
neighboring segments [32].

V. RESULTS

Systems are evaluated in terms of diarization error rate
(DER): the sum of missed speech (Miss), false alarm speech
(FA), and confusion (Conf.) errors. VAD and OSD are eval-
vated in terms of misses and false alarms. All numbers are
percentages. No forgiveness collar is used in any case.
A. Per-frame embeddings

The first modification introduced is regarding the change
from per-segment to per-frame embeddings. The comparisons
are presented in Table II where system (1) is the per-
segment baseline. System (2) is trained to produce per-frame
embeddings starting from randomly initialized parameters,
while system (3) starts from the parameters of (1), removing
the pooling layer and randomly initializing the last linear
layer before producing the embeddings. To evaluate all three
approaches, pyannote VAD is utilized and it is possible to see
that they perform very similarly. It should be pointed out that
9.7% out of the miss errors correspond to overlapped speech,
which is not handled by these systems. While we expected
the per-frame embeddings would lead to better results than
the per-segment ones, the results did not necessarily prove
this hypothesis. Per-frame embeddings represent only three
times more frequent representations than the usual per-segment
approach (80 ms vs. 250 ms) and it might be possible that such
an increase is not enough to provide substantial gains. The
performance may also be impacted by a mismatch between
the PLDA backend, trained on embeddings from VC2 data
containing almost no silence, and the test embeddings, which
may capture non-speech regions due to the receptive field of
the embedding extractor.



TABLE I: Statistics of evaluation and compound training sets.

Dataset | Silence (%) 1-speaker (%) Overlap (%) | Hours
AMI (test) 14.7 67.9 17.4 9.1
DIHARD?2 (eval) 259 67.5 6.6 22.5
Compound (train) | 24.3 55.0 20.7 | 7742

Nevertheless, the proposed approach achieves a 4x speedup
compared to the standard per-segment approach by extracting
all embeddings in a single pass. While the per-segment method
processes short speech segments independently and requires
multiple inference calls, the per-frame strategy performs em-
bedding extraction together with joint VAD and OSD labeling.
B. Joint training

System (4) in Table II investigates the use of simulated
conversations (SC) [24], created from VC2 recordings, as
training data with speaker, VAD, and OSD labels. The VAD
performance was extremely poor. However, when pyannote
VAD is used with the same embeddings, the DER drops from
39.5 to 26.5, with a confusion error of 6.9, indicating that
the embedding quality is not compromised. Therefore, a fine-
tuning step on real data was necessary for our VAD due to the
significant mismatch between SC and real data. System (5)
continues training the embedding extractor from (3), but now
uses VC2 for the embedding extraction loss and a compound
set of real datasets for the VAD and OSD losses. This model
performs similarly to the models (1), (2), and (3) in the table.
Small degradation in DER is mainly due to slightly worse
VAD in comparison with pyannote’s VAD possibly because
each VAD is trained on a different compound set. The goal
here is not to compare with pyannote, but to provide a point of
reference. However, the results demonstrate that competitive
performance can be achieved through joint training. Finally,
system (6) is obtained by further fine-tuning system (5) using
DIHARD dev set instead of the compound set to better match
the VAD and overlap patterns of the test data.

Table IIT shows the results after applying overlap handling.
System (7) corresponds to (1) with the heuristic applied using
PyAnnote’s OSD decisions, while (8) and (9) correspond to
(5) and (6), respectively, using OSD outputs from the proposed
model. In all cases, there is a mild improvement in the overall
DER of the same order for these systems.

Finally, Table IV compares systems (1) and (5), as well
as their respective versions with overlap handling of systems
(7) and (8), on AMI (SDM), where the state-of-the-art per-
formance with a more complex model is 18.9 [46]. We can
see that the proposed approach reaches a similar performance
as the baseline. VAD results are better than for DIHARD II,
likely due to inclusion of the AMI training set in the compound
data (for both baseline and proposed). This is supported by (6)
and (9), obtained by fine-tuning (5) and (8) on DIHARD deyv,
yielding improved VAD.

VI. CONCLUSIONS
In this work, we presented an approach to adapt a speaker
embedding extractor for the purpose of diarization. Speaker
embeddings were produced without a pooling mechanism

TABLE II: Results on DIHARD 1I eval set. ‘S’ means per-
segment embeddings, and ‘F’ means per-frame embeddings.
‘Comp.” means compound set. ‘FT” stands for finetuning.

System Diarization VAD

Type Train data VAD DER Miss FA Conf. | Miss FA
1S vC2 pyannote | 26.6 15.9 3.6 7.1 | 5.1 3.0
) F vC2 pyannote | 26.8 15.9 3.6 7.3 | 5.1 3.0
(3) S—F VvC2 pyannote | 26.4 159 3.6 6.9 | 5.1 3.0
(4) S—F SC vC2 joint [39.5 127174 9.4 | 2.4 14.3
(5) S=F VC2. + Comp. joint 269 16.2 40 6.7 | 5.3 3.3
(6) S—»F FT VC2 + DH joint 26.1 15.0 3.5 7.5 |44 29

TABLE III: Results after overlap post-processing on DIHARD
IT evaluation set. ‘DH’ stands for DIHARD II dev.

System Diarization OSD
Type Train data VAD DER Miss FA Conf. | Miss FA
S vC2 pyannote | 26.2 14.2 4.5 7.5 | 5.2 0.7
(8) S—F VC2 + Comp. joint 266 153 45 68 | 59 04
(9) S—F FT VC2. + DH joint 25.8 144 38 7.6 | 6.1 0.2

TABLE IV: Comparison of per-segment embedding clustering
(PyAnnote VAD/OSD) and per-frame embedding clustering
(joint VAD/OSD) on AMI dataset.

Diarization VAD OSD
System DER  Miss FA Conf. Miss FA  Miss FA
(1) 35.6 254 2.0 8.2 102 1.9 11.7 0.0
(7) 33.9 21.5 29 9.5 ’ ’ 8.1 0.8
(5) 36.1 217 2.2 12.2 6.7 21 11.7 0.0
8) 34.8 17.1 4.1 13.6 ’ ’ 7.4 1.8

while built-in mechanisms performed speech and overlap de-
tection. With the proposed system, all three tasks are handled
by a single model and the embedding extraction step is faster.

In spite of the competitive performance of the proposed
approach, we believe that many options are yet to be explored:

« Use information from lower layers in the model since speech
and overlap detection could better leverage it.

o Other architectures for speaker embedding extractors, with
the developments on foundation models, training one model
to perform different tasks at once should be possible.

« Finally, this work should not be understood as a means
in itself but rather as an intermediate goal towards other
applications. For example, for speaker verification, a system
could automatically discard silence and overlap frames be-
fore producing (more robust) speaker embeddings without
external VAD/OSD modules. Besides, we aim to combine
the embedding extraction, speech, and overlap detection with
DVBx [31] in order to have a full pipeline that can be trained
(or fine-tuned) in an E2E manner.
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