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Abstract
Reliable speaker embeddings are critical for multi-speaker
speech processing tasks. Traditionally models are trained on
single-speaker utterances and suffer from domain mismatch
when applied in multi-speaker contexts. Recently proposed
guided speaker embeddings (GSE) were shown to improve this
by training on synthetic multi-speaker mixtures guided by or-
acle speaker activity labels. Additionally modeling all speak-
ers present in a chunk is desirable but the performance of such
methods has been sub-par up to now. We build on GSE by mod-
eling multiple speakers together and using diarization features
for guiding. We also propose a new validation metric for em-
beddings in multi-speaker context and demonstrate its effective-
ness. Results on multiple speaker diarization datasets demon-
strate that we improve on speed and performance while reduc-
ing the embedding model size.
Index Terms: speaker diarization, speaker verification

1. Introduction
High-quality speaker embeddings are essential for multi-
speaker speech processing tasks. In speaker diarization, EEND-
vector clustering (EEND-VC) systems rely on speaker embed-
dings derived from local segmentation outputs to cluster and
stitch these local segments [1]. Similarly, in multi-speaker au-
tomatic speech recognition (ASR), transducer-based systems
produce segment-wise transcriptions with timestamp estimates,
which are subsequently attributed to individual speakers using
speaker embeddings [2]. For voice conversion of long-form au-
dio, it is desirable that speaker embeddings are modelled con-
sistently [3]. In all the above use cases, it would be beneficial
for all the speakers to be modeled concurrently.

Previous studies have explored joint training of ASR and
segmentation models with multi-speaker embeddings [2, 4, 5],
but these approaches have underperformed compared to stan-
dalone embedding systems [6]. This discrepancy is likely due
to the difference in data quality: speaker verification datasets,
which are more easily annotated, tend to be larger and more
diverse than those used for ASR and speaker diarization [7].
These datasets contain only single-speaker utterances, leading
to a domain mismatch when applied in multi-speaker scenar-
ios. To address this, guided speaker embeddings (GSE) were
recently introduced for multi-speaker environments [8]. GSE
is trained on synthetic multi-speaker mixtures derived from a
speaker verification dataset, with oracle activity labels guid-
ing the process. Activity labels for both target and interference
speakers are used as additional inputs to the embedding encoder
and for masking attention scores. However, these systems still
produce embeddings for only one speaker at a time.

This work proposes extending GSE by modeling all speak-

ers present in a chunk at once. Additionally, since the practical
deployment of a GSE system relies on a speaker segmentation
model, we also propose using its output as a guide for training
instead of oracle labels. Features from a segmentation model
can offer more detailed guidance. For example, areas of high
confidence indicate it is easier to extract speaker-specific infor-
mation there.

The main contributions of this work are as follows:
• Proposing a diarization-guided training method for multi-

speaker embedding systems.
• Introducing a modified attention module to allow for multi-

speaker modeling in existing speaker embedding models.
• Proposing a new validation metric optimized for speaker em-

beddings in a multi-speaker context.
• Providing a thorough evaluation of the multi-speaker em-

beddings on multiple speaker diarization and verification
datasets.

• Open-sourcing the code for the above1.

2. Method
Figure 1 illustrates our joint architecture, which combines a
local speaker segmentation model with a speaker embedding
model using a shared feature extractor. We opt for an SSL-
based features extractor, namely WavLM, since it demonstrates
good performance in both speaker diarization and speaker ver-
ification tasks [9]. It is also the choice for state-of-the-art for
speaker diarization as of writing [10, 11]. We use the same
LSTM-based segmentation probing head as in [11]. For the
embedding module, we use an ECAPA-TDNN, which has been
shown to perform better than smaller probing heads [12, 13].

Given the frame-level features extracted from an audio
chunk x ∈ RT×F and assuming a maximum of Kmax speak-
ers, the segmentation module extracts powerset features p ∈
RT×Kps , where Kps is the number of powerset classes. These
are binarized and converted into a multi-label format a ∈
{0, 1}T×Kmax [14]. The powerset features are concatenated
with x to form combined features of dimension F+Kps, which
are fed into the embedding encoder. Only the input channel di-
mension of the encoder is modified in our approach.

The encoder output h ∈ RT×D is reshaped to introduce
a speaker dimension, resulting in h′ ∈ RKmax×T×(D/Kmax).
The attention module remains unchanged from the original
ECAPA-TDNN, except that all the channel dimensions are
scaled down by a factor of Kmax, except for the bottleneck at-
tention dimension, which is kept at 128. The batch size after the
encoder is effectively increased Kmax times, with the speakers
being processed in parallel.

1https://github.com/joonaskalda/multi-speaker-embeddings
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Similarly to GSE, we apply silent masking for each pre-
dicted speaker but use binarized predicted speaker activations
instead of oracle labels. The embedding dimension for the pre-
dicted multi-speaker embeddings {e1, . . . , eKmax} ∈ R192 is
kept unchanged from the original ECAPA-TDNN.

Note that this approach would require slight modifications
if the encoder output channel dimension D is not divisible by
Kmax by e.g. adding an adaptation layer. In the above we
also assumed, for simplicity, that the embedding encoder leaves
the temporal resolution unchanged, as is the case for ECAPA-
TDNN, used in our experiments. If that is not the case, the
speaker activation masks should be interpolated to match the
embedding output temporal resolution.

To train the multi-speaker embedding model we use syn-
thetic VoxCeleb mixtures as in [8]. We use the standard Arc-
Face loss [15] but only compute it for an embedding if the seg-
mentation model correctly predicts the corresponding speaker’s
activation for at least one second.

In our experiments, we use a segmentation probing head
trained using powerset loss [14], but this is not a requirement.
The only new components that need to be trained in our method
are in the speaker embedding branch. For the segmentation
branch and feature extractor, any off-the-shelf model can be
utilized, and no specific adaptation is needed. Our proposed
training method generalizes naturally to any local segmentation
and speaker embedding architecture, with no requirement for a
shared feature extractor.

To summarize, our method builds on top of GSE by
• Changing the attention module to extract multi-speaker em-

beddings instead of single-speaker embeddings.
• Utilizing detailed information from the segmentation mod-

ule.

2.1. Validation metric

The standard validation metric for speaker embedding models
is the equal error rate (EER), computed on single-speaker utter-
ance trials. However, this does not reflect performance in multi-
speaker scenarios. We argue that speaker diarization perfor-
mance is a more appropriate metric, as the clustering stage di-
rectly depends on embedding quality. We therefore propose us-
ing diarization performance for both evaluation and validation.
Validation is challenging; normally, it would require hyperpa-
rameter optimization after each epoch, which is a resource-
intensive process.

To address this, we propose a simplified pipeline for vali-
dation (Figure 2). In each validation batch, all audio chunks are
sampled from the same file using a sliding window, ensuring
that the first chunk starts at the beginning of the audio and the
last one stops at the file’s end. The step size S between consec-
utive chunks is chosen so that all chunks are evenly spaced i.e.
S = D−T

B−1
, where D is the file duration, B is the batch size, and

T is the chunk length. Chunks overlap if and only if BT > D.
The batch is then fed to the model, which returns segmenta-

tion predictions and speaker embeddings for each chunk. These
embeddings are then clustered using the K-means algorithm,
where the number of clusters is fixed based on the oracle num-
ber of speakers in the file used to create the batch. For effi-
ciency, we assume the number of speakers is known, which
eliminates the need for tuning clustering parameters. Finally,
segments are assigned to speakers as in a standard diarization
pipeline, and a diarization error rate (DER) over the validation
files is calculated based on the pipeline output and the corre-
sponding cropped reference.

Attention
calculation

Attentive stats pooling + Linear

, 
, 

WavLM Segmentation

Binarize

Reshape

Encoder

Figure 1: Proposed joint architecture for a maximum of
Kmax = 3 speakers per audio chunk. We opt for a segmen-
tation branch trained using a powerset loss, but this is not a
requirement.

3. Experiments
3.1. Datasets

The feature extractor and diarization branch are trained on a
composite dataset consisting of AMI-SDM [16], AliMeeting
(first channel) [17], AISHELL-4 (first channel) [18], MSD-
WILD [19], RAMC [20], and EGO4D [21]. Since EGO4D
does not include an evaluation set, we use it only for training
and validation.

The speaker embedding systems are trained on either Vox-
Celeb 1 and 2 utterances [7, 22] or synthetic mixtures generated
from these datasets.

3.2. Data simulation

For training speaker embedding systems in multi-speaker con-
texts, we use 10-second synthetic VoxCeleb mixtures, follow-
ing the approach in GSE. However, we modify the simula-
tion method to better reflect real-world multi-speaker scenarios.
Specifically, we allow arbitrary speaker order and permit delays
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Figure 2: Proposed validation pipeline with a batch size of B.

of up to 0.5 seconds after the preceding utterance ends to in-
troduce natural silent regions. Utterance lengths are sampled
from an exponential distribution with λ = 0.2, truncated to the
range [1,10] seconds. Additionally, we apply room background
noise to the mixtures using data from [23] and simulated room
impulse responses from [24].

3.3. Implementation details

Segmentation model. Training chunks are 10 seconds long,
with a maximum of Kmax = 3 speakers per chunk. We train a
standard diarization system using powerset loss, assuming that
no more than two speakers are active at a time, resulting in
Kps = 7 powerset classes, assuming no more than two con-
current speakers. Our segmentation module follows the archi-
tecture from [11].

We use a WavLM Base+ model as the shared feature extrac-
tor, fine-tuned together with the segmentation module as in [10].
The learning rates are set to 10−5 for WavLM and 3×10−4 for
the segmentation module, with a batch size of 32. The embed-
ding and segmentation models use separate learnable weighted
sums of the WavLM layers.
Speaker embedding model. Our speaker embedding extractor
is an ECAPA-TDNN model with 1024 channels. As a baseline,
we train an unguided single-embedding system on 3-second ut-
terances with a batch size of 512.

For all other speaker embedding systems, we adopt the
training strategy from [8]. We employ the Adam optimizer with
a cyclical learning rate schedule over three cycles, using a batch
size of 128 mixtures. This results in an effective batch size of
384 for ArcFace loss computation. Each cycle consists of 50k
steps, beginning with a 1k-step warm-up phase, followed by co-
sine annealing decay. The learning rate starts at a peak of 10−3

and decays by a factor of 0.75 at the start of each new cycle.
Validation metrics. For our proposed DER-based validation
metric, we randomly sample 10 files from each dataset’s valida-
tion set, yielding a total of 58 batches 2. The baseline validation
metric is the equal error rate (EER), calculated on the widely
used VoxCeleb test set 1-O, containing 37611 test trials based

2AliMeeting validation set only has 8 files

Figure 3: Validation EER and speaker confusion (SC) (%)
scores as a function of step count. The optimal checkpoints
based on either metric are highlighted with a dotted line.

on single-speaker utterances [7].
Speaker diarization inference. For speaker diarization infer-
ence, we use the pyannote 3.1 pipeline [25] with the same con-
figuration as [8]. After selecting the optimal checkpoint based
on the validation metric, we optimize the speaker diarization
clustering hyperparameters for each system using Optuna [26].
Hyperparameter tuning is performed on the compound valida-
tion set using the multivariate Tree-structured Parzen Estimator
for 100 iterations.
Evaluation. Direct evaluation of speaker embeddings in a
multi-talker context would require a multi-talker real-world ver-
ification dataset, which currently does not exist. Previous work
has used synthetic mixtures based on VoxCeleb to assess multi-
speaker performance [8], but these do not accurately capture
real-world conversational dynamics [27]. Because of this, we
assess embedding quality indirectly via diarization pipeline per-
formance. With a fixed local segmentation model, false alarm
and missed detection rates are constant. Consequently, we only
report speaker confusion rates, determined by clustering and di-
rectly reflecting embedding quality. Scores on the VoxCeleb
test set 1-O are also reported for reference.

4. Results
A comparison of multi-speaker and single-speaker embeddings,
along with different guiding methods, is presented in Table 1.
All guided systems outperform the standard unguided system in
diarization but underperform in EER, consistent with the find-
ings of [8]. Switching from oracle-guided single-embedding
to multi-embedding leads to a performance drop, which is
expected since the encoder must now model all participating
speakers rather than a single target speaker, while the model
size is slightly reduced (due to scaling down the channel di-
mension in the attention module). However, this degradation is
mitigated by replacing oracle-guided training with diarization-
guided training.

Multi-speaker models are also more compact, as the chan-
nel dimension is scaled down by Kmax after the encoder. The or-
acle clustering system serves as an upper bound, assuming per-
fect speaker clustering, with non-zero speaker confusion scores
arising only from intra-chunk segmentation errors. Validation
using the proposed simplified diarization pipeline demonstrates
clear improvements in most cases, with comparable results for
the GSE system, where the selected checkpoints had very simi-
lar performance.

Figure 3 shows the EER and speaker confusion scores as a
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Oracle clustering - - - - 1.3 1.9 2.3 2.8 3.5 2.5

Single-embedding Unguided 24.3M EER 1.1 4.7 8.3 10.2 12.6 8.1 8.4
DER 1.4 5.1 8.0 8.3 12.2 7.9 8.1

Single-embedding [8] Oracle 24.3M EER 1.8 2.9 3.8 3.6 12.1 7.3 5.9
DER 1.9 2.7 3.7 3.6 11.8 7.2 5.9

Multi-embedding Oracle 22.5M EER 1.6 3.0 6.2 4.2 13.4 6.7 6.5
DER 2.2 3.2 5.6 4.4 11.2 7.1 6.2

Multi-embedding Diarization 22.5M EER 1.7 3.2 3.7 5.0 11.4 7.3 6.2
DER 1.8 2.5 3.8 3.5 11.4 7.2 5.7

Table 1: Comparison of single-speaker (single-embedding) and multi-speaker (multi-embedding) embedding systems with different
guiding mechanisms and validation metrics. We report EER on VoxCeleb 1-O and speaker confusion rates on diarization datasets, as
well as the macro-average (Macro-avg) for the latter. Speaker confusion using oracle clustering is included as a topline reference.

Dataset MSE ResNet34 SOTA
AISHELL-4 12.0 12.4 10.6 [11]
AMI-SDM 15.7 16.5 15.4 [10]
AliMeeting 15.9 17.4 13.2 [28]
MSDWILD 22.9 21.6 19.6 [11]
RAMC 11.8 11.1 11.1 [28]
Macro-average 15.0 15.1 13.4

Table 2: Comparison of DERs for multi-speaker embeddings
(MSE), and ResNet34 embeddings across datasets. State-of-
the-art (SOTA) DERs are provided for reference.

Dataset Ovr. (%) Spk. # RTF Imp. (%)
AISHELL-4 5.0 2.0 39
AMI-SDM 14.6 2.2 43
AliMeeting 20.4 2.8 53
MSDWILD 12.4 2.0 40
RAMC 9.4 1.8 36
Macro-average 12.0 2.1 42

Table 3: Comparison of overlapping speech percentage (Ovr.),
average speaker count per chunk (Spk. #), and relative RTF
improvements (RTF Imp.) across datasets.

function of step count for the diarization-guided multi-speaker
embedding system. The two curves display low correlation after
initial fast convergence, further highlighting that the standard
VoxCeleb 1-O EER is not optimal in multi-speaker applications.

In Table 2, we compare our diarization-guided multi-
embedding system to a state-of-the-art ResNet-based speaker
embedding model [29] from pyannote 3.1 based on DER, keep-
ing the segmentation model the same. State-of-the-art DER
scores are also provided for reference. Although the ResNet
system employs a more sophisticated training strategy, includ-
ing speed augmentation and large-margin fine-tuning, our sys-
tem displays competitive results across the board, with signif-
icantly better results on the higher-overlap datasets AMI-SDM
and AliMeeting.

Table 3 explores the real-time factor (RTF) of multi-speaker
embeddings compared to single-speaker embeddings, which re-
quires encoding each speaker in a chunk separately. We first
measure the total time for inference using a diarization pipeline

with oracle speaker clustering, where no speaker embeddings
are calculated. Then we measure the increase in RTF from
performing clustering using either system. Comparing the re-
sults for the two systems gives us the relative decrease in RTF.
We also report both the percentage of frames containing over-
lapped speech and the average number of speakers in a 10-
second chunk sampled from the dataset. The latter directly re-
flects the number of separate forward passes required by the
single-speaker embedding encoder, in contrast to the single pass
needed for our multi-speaker approach. Even for the relatively
low-overlap scenarios represented by AISHELL-4 and RAMC,
the multi-embedding system achieves an RTF relative improve-
ment of at least 36%.

4.1. Future work

Training of our diarization-guided multi-speaker embeddings
relies on synthetically generated mixtures, which, while useful,
fail to capture the complexity of real-world conversation dy-
namics [27]. Training or fine-tuning the embeddings directly on
real-world data should help performance, although a compar-
atively small number of speakers in real-world conversational
datasets poses a challenge here.

We keep the speaker embedding encoder unchanged from
the single-speaker case, but since it now has to model multiple
speakers, the architecture should be optimized for this.

5. Conclusion
This work introduces a novel diarization-guided training
method for multi-speaker embeddings. We extend guided
speaker embeddings by modeling speakers concurrently us-
ing diarization-based guidance. We also introduced a novel
clustering-based validation metric for training embeddings in
a multi-speaker context, which we showed to be more effective
than standard speaker verification EER based on single-speaker
utterances. Keeping the embedding encoder unchanged, we
compared the effects of both modifications on multiple speaker
diarization datasets. We showed that while switching to model-
ing multiple speakers concurrently degrades performance, this
performance deficit is offset by switching to diarization-based
guiding, which contains more information and matches testing
conditions. We end up with a speaker embedding system that is
smaller, more accurate, and considerably faster than compara-
ble systems trained using previous methods.
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