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Abstract

In this paper, we present state-of-the-art diarization error
rates (DERs) on multiple publicly available datasets, including
AliMeeting-far, AliMeeting-near, AMI-Mix, AMI-SDM, DI-
HARD III, and MagicData RAMC. Leveraging EEND-TA, a
single unified non-autoregressive model for end-to-end speaker
diarization, we achieve new benchmark results, most notably
a DER of 14.49% on DIHARD III. Our approach scales pre-
training through 8-speaker simulation mixtures, ensuring each
generated speaker mixture configuration is sufficiently repre-
sented. These experiments highlight that EEND-based archi-
tectures possess a greater capacity for learning than previously
explored, surpassing many existing diarization solutions while
maintaining efficient speeds during inference.

Index Terms: EEND, EEND-TA, Speaker Diarization

1. Introduction

The perfect speaker diarization system should partition any
given input audio signal into distinct segments, each correctly
labeled with the corresponding speaker identity. In practice, this
task is notoriously difficult due to the variability of input record-
ings. A robust system must handle varying degrees of back-
ground noise, a wide dynamic range, multiple speakers with
diverse accents and languages, overlapping speech, and a broad
range of audio quality captured from many different recording
devices and conditions.

Traditional diarization systems are typically comprised
of several components that are trained separately on non-
diarization objectives [1]. Such cascaded pipelines usually in-
clude voice activity detection, speaker embedding extraction
and clustering modules. Here, speaker embeddings are ex-
tracted from voice active frames so that a clustering algorithm
can group together segments belonging to the same speaker.
Generally, these solutions cannot handle overlapped regions of
speech their reliance on multiple components increases both
complexity and inference time.

End-to-end neural approaches to diarization directly ad-
dress overlapping speech. End-to-end Neural Diarization
(EEND) formulated diarization as a multi-label classification
problem, outputting speaker labels for a fixed number of speak-
ers [2,3]. Many studies since enhanced EEND by adding a an
Encoder Decoder Attractor (EDA) based calculation module to
handle a variable number of speakers [4,5], and others have im-
proved EDA with attention-based attractor mechanisms [6—11].

However, end-to-end neural networks such as EEND re-
quire a substantial amount of data to learn from, and anno-
tated diarization datasets are scarce and expensive to label. To
address this, is has become standard practice to generate sim-
ulated training mixtures with multiple speakers and pre-train

models before fine-tuning on a real-world dataset. Some works
have further investigated the original simulation strategy pro-
posed to construct the audio mixtures, developing an algorithm
with the goal of better emulating aspects of natural conversa-
tions [12—14]. This technique has been shown to increase di-
arization performance on telephony style data with little im-
provement on wide-band data [9].

To date, few studies have examined the effects of simulating
mixtures with a high number of speakers. One study used 2,500
hours of simulated audio with up to 10 speakers [10], while
another pre-trained on 16,700 hours with up to 18 speakers [15].
However, the impact of simulating a higher number of speakers
remains largely unexplored.

In this work, we combine recent EEND-based advances
with scaled pre-training, simulating mixtures for up to 8 speak-
ers and increasing the total pre-training set to over 80,000
hours. This approach achieves state-of-the-art Diarization Error
Rate (DER) for both end-to-end and cascaded systems across
multiple datasets: AliMeeting-far (11.41%), AliMeeting-near
(8.55%), AMI-Mix (11.04%), AMI-SDM (15.16%), DIHARD
III (14.49%) and MagicData RAMC (10.43%).

2. Related Work

EEND-based methods have become the foundation of many di-
arization solutions. A common approach is to use an EEND
module on short sliding windows to obtain local diarization re-
sults, then extract speaker embeddings and apply a clustering
algorithm for global segmentation [16-18].

To better address end-to-end use cases, EEND was ex-
tended with an EDA network, which outperforms conventional
EEND and, in theory, handles an unlimited number of speakers.
However, diarization performance degrades when the model en-
counters more speakers than seen during training [4, 5].

Subsequent works have improved both the backbone and
prediction head of EEND-EDA. Performance gains were
demonstrated by replacing Transformers with Conformer lay-
ers [19, 20], introducing Transformer-based attractor calcula-
tions [6-11], and using deep supervision training objectives
[7,10,11]. Other approaches introduced supplementary inputs
for further refinement, such as summary representations [21], or
diarization outputs for attractor estimation [6].

Because end-to-end models require large amounts of train-
ing data, it is common practice to pre-train models on simu-
lated mixtures [2, 13, 14]. Increasing the number of simulated
speakers within an audio mixture during pre-training can boost
performance at fine-tuning [9,22].
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3. Method
3.1. Model Architecture: EEND-TA

For this work, we selected EEND-TA as the network model
architecture, a single unified non-autoregressive diarization
model. We chose EEND-TA for its efficient design, which omits
additional techniques such as iterative refinement [6], or self-
conditioning [7]. Previously, EEND-TA had only ever been
shown to handle diarization for up to 4 speakers. The model
consists of a Conformer encoder [23], a combiner, and a Trans-
former decoder. Consistent with the original work, we use a
modified Conformer encoder to accommodate the Conversa-
tional Summary Vector (CSV) [21]. This is a learnable special
token that is prepended to the feature sequence before passing
through the Conformer encoder. CSV was shown to improve
performance on recordings with a higher number of speakers.
The combiner joins the CSV with a set of learnable global em-
beddings, which are then input to the Transformer decoder. We
use a standard Transformer decoder without positional embed-
dings to generate candidate speaker-wise attractors. Speaker ex-
istence posterior probabilities are then computed using a linear
layer followed by a Sigmoid function. Final diarization out-
puts are computed by a Sigmoid function acting on the matrix
product of the encoder output embeddings and speaker-wise at-
tractors.

3.2. Scaled Pre-Training

We scaled pre-training by increasing the maximum possible
number of speakers within a simulated mixture to 8. Simulated
mixtures are generated by using a modified version of the stan-
dard simulated mixture algorithm [2, Alg. 1].

Appropriate average silence interval values must be se-
lected for each set of simulated mixtures, ranging from 1 to
8 speakers. Consistent with many other studies, for mixtures
containing 1, 2, 3 or 4 speakers we applied the standard aver-
age silence interval values of 5 = 2, 2, 5, 9, respectively. To
determine (3 values for mixtures containing 5, 6, 7 or 8 speak-
ers, we calculated the average silence duration for each speaker
in our real diarization dataset. We then took the mean silence
duration for all speakers within each dataset split, where each
dataset split represents recordings containing 5, 6, 7 or 8 speak-
ers. This resulted in 5 = 34, 54, 47, 50 for mixtures with 5, 6,
7 or 8 speakers, respectively.

However, using such large S values can lead to simulated
mixtures with extended periods of silence where no speaker is
active. To address this, we modified the original algorithm to
simply replace all silences longer than 5 seconds with a ran-
domly chosen silence duration between 1 and 5 seconds.

4. Experiments
4.1. Data

Pre-training mixtures are generated from the LibriSpeech Cor-
pus [29], using the modified simulation strategy described in
Section 3.2. Table 3 compares the real datasets used at fine-
tuning with the simulated mixtures used for pre-training. In to-
tal, we generated 100,000 simulated recordings for each possi-
ble number of active speakers in a mixture, resulting to 800,000
mixtures with 1 to 8 speakers. This amounted to over 80,000
hours of simulated data. There are two models shown in Tables
1 and 2 that use a total of 400,000 mixtures, “EEND-TA C4
(400 k) S4 and “EEND-TA C4 (400 k) S8”. The “S4” model
is pre-trained with 1 to 4 speakers containing 100,000 mixtures
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per speaker, a setup more similar to the original work, whereas,
the “S8” model is pre-trained with 1 to 8 speakers, using 50,000
simulated recordings per speaker mixture.

For model fine-tuning, we use the publicly available
datasets: AISHELL-4 [30], AliMeeting [31], AMI-Mix (head-
set mixtures) and AMI-SDM (single distant microphone) [32],
CALLHOME [33], DIHARD III, MagicData RAMC [34] and
VoxConverse (version 0.3) [35]. Where available, we use the
official training, validation and testing splits provided by the
dataset. For DIHARD III and VoxConverse we use the eval-
uation data for testing and split the train set into training and
validation subsets using a 80%:20% split. The AMI-Mix and
AliMeeting datasets containing multi-channel audio recordings
are downmixed to a single channel. We refer to the AliMeet-
ing far-field 8 microphone array recordings and headset micro-
phone recordings as “AliMeeting-far” and “AliMeeting-near”,
respectively.

4.2. Experimental Setup

The input to EEND-TA is 23 log-dimensional Mel-filterbank
features, extracted using a window length of 25ms and hop size
of 10ms. The input feature sequence is first downsampled by
a factor of 10 using convolutional layers with kernel sizes {3,
5}, strides {2, 5} and output feature dimension size 256. The
downsampled sequence is then passed to a Conformer encoder
consisting of 6 stacked layers each with 4 attention heads and
feed-forward layers with 1024 hidden units. Before passing
through the encoder, the input feature sequence is concatenated
to a randomly initialized CSV representation. Models denoted
as “EEND-TA C4” in Tables 1 and 2 use a Conformer encoder
consisting of only 4 stacked layers.

The Transformer Attractor calculation module consists of 3
Transformer decoder layers with 4 attention heads and a feed-
forward dimension size of 1024. TA takes S + 1 randomly
initialized 256 dimensional input queries, each of which are
combined with CSV. Our models were trained to predict up to
S = 8 speakers. Only the “EEND-TA C4 (400 k) S4” model
was trained to predict up to S = 4 speakers.

The original EDA module was used to train “EEND-EDA®
(ours)” seen in Tables 1 and 2. This model was trained to predict
up to S = 8 speakers and also makes use of the CSV [21].

Each Model was pre-trained for 2.5 M steps and fine-tuned
for 250 k steps, all in bfloatl6 precision. Pre-training used a
batch size of 256 (32 x 8) mixtures per step that were randomly
cropped to an utterance length of 220 seconds. Fine-tuning used
a batch size of 8 recordings cropped to 600 seconds. Chunk
shuffling was applied only at fine-tuning [20]. The Adam opti-
mizer and Noam scheduler with 100 k warm-up steps was used
for pre-training, and the Adam optimizer with a fixed learning
rate of 1 x 10™° was used for fine-tuning.

Model weights of the last pre-training checkpoint are used
to initialize each model for fine-tuning. For “EEND-EDA}
(ours)” and “EEND-TA®”, we load only the pre-trained Con-
former encoder from EEND-TA and randomly initialize the
weights for the EDA and TA head modules before fine-tuning.
The top 10 best checkpoints in terms of validation DER perfor-
mance are averaged to create the model weights for inference.
We conducted 20 k steps of dataset-specific fine-tuning after the
aggregated fine-tuning stage of 250 k steps, marked as “EEND
+ FT” in Table 1. All models are evaluated using an attractor
existence threshold of 0.5 and diarization threshold of 0.5.



Table 1: Diarization Error Rate (DER) across several datasets. Lower is better. Updated state-of-the-art results are marked in bold.
Values in parenthesis are calculated with a 0.25 second forgiveness collar. “+FT” denotes results for fine-tuning on a single dataset.

Dataset
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VAD+VBx+0SD [10] 15.84 28.84 22,59 2242 34.61 26.18 20.28 18.19  (6.12)
EEND [3,5] — — — 2770 — (21.19) 2264 — —
EEND-EDA [5] — — — 1580 — (12.88) 20.69 — —
EEND-EDA? (ours) 13.43 12.30 9.05 11.31  16.29 17.62 15.02 10.60 15.98
DiaPer [10] 29.0 20.7 17.8 23.9 40.7 24.16 21.1 16.1 (19.1)
pyannote.audio v3.17 [24] 12.2 24 4%% 18.8 224 28.4 21.7 222 11.3
pyannoteAIT 11.9 22.5%%  — 16.6 20.9 22.2 17.2 18.4 9.4
EEND-M2F [11] 15.56 13.20 10.77 13.86  19.83 21.28 16.28 11.13  15.99
+0.25s collar (10.75)  (5.87) (520) (9.16) (1429) (14.87) (8.93) (6.52) (12.02)
EEND-M2F + FT [11] 13.98 13.40 10.45 12.62  18.85 23.44 16.07 11.09 16.28
+0.25s collar 934)  (6.11) (5.02) (7.92) (1333) (16.72) (8.82) (6.46) (12.36)
EEND-TA C4 (400 k) S4 25.68 12.68 10.36  12.88  20.08 19.24 17.50 1097 21.75
EEND-TA C4 (400 k) S8 22.64 13.23 9.92 1527 19.16 18.91 15.71 10.43 17.06
EEND-TA C4 15.41 11.73 9.29 1456  17.68 19.21 15.13 1030 17.03
EEND-TA} 15.09 11.45 9.05 11.31 16.13 17.51 1529 10.57 15.75
EEND-TA 15.31 12.65 8.60 11.06 15.16 16.91 1476 1043 1544
+0.25s collar (10.82)  (6.83) 4.09) (7.19) (10.19) (10.97) (8.16) (5.79) (11.57)
EEND-TA + FT 12.21 11.41 8.55 11.04 15.33 17.24 1449 10.55 14.29
+0.25s collar (7.54) (5.16) @.07) (7.15) (10.27) (11.09) (8.11) (5.96) (10.41)
State-of-the-art (as of Feb. 2025) 11.7 13.20 1045 12.62 154 10.08) 16.07 11.09 (4.0)°
Source [25] [11] [11] [11] [25] [26] [27] [8] [28]

Some results from other works may use differing acoustic setups.

T Results for pyannote systems are taken directly from
https://github.com/pyannote/pyannote-audio/blob/develop/README .md, as of commit 93ad8bO.

¥ Only pre-trained EEND encoder weights loaded for fine-tuning, model head parameters are randomly initialized.

* Potentially biased, as model was tuned and validated on VoxConverse test set.

Table 2: Diarization Error Rate (DER) and Mean Speaker Counting Error (MSCE) per speaker on all datasets. Lower is better.

Model 1-spk 2-spk 3-spk 4-spk 5-spk 6-spk 7-spk 8-spk

EEND-TA C4 (400k) S4 7.68 020 936 003 1637 045 17.02 044 3055 143 23.02 223 2415 328 2731 4.19
EEND-TA C4 (400k) S8 7.80 033 9.19 0.06 1597 045 17.07 054 27.10 100 2025 128 19.12 174 21.64 2.11

EEND-TA C4 821 047 9060 006 1507 040 1493 045 2127 086 1646 097 16.62 152 2355 1.30
EEND-EDA" (ours) 747 023 901 0.04 1472 037 1471 042 2006 089 16.69 1.10 1584 1.61 2001 222
EEND-TA' 7.14 023 897 0.04 1435 041 1455 038 2156 089 1678 1.03 1627 1.65 2055 2.07
EEND-TA 886 027 9.02 007 1502 040 1402 034 2381 1.00 1455 097 1347 122 1896 1.56

¥ Only pre-trained EEND encoder weights loaded for fine-tuning, model head parameters are randomly initialized.

5. Discussion no hyper-parameter tuning on specific datasets and no forgive-
ness collar. It is important to note that each state-of-the-art re-

5.1. Main Results sult shown is obtained by fine-tuning a model on that specific

The main results for our models, and current state-of-the-art dataset, except for AliMeeting-far, AMI-Mix and AMI-SDM.

results as of February 2025, are presented in Table 1. Unless Without dataset-specific fine-tuning, our model achieves
stated otherwise, we report the least forgiving diarization er- state-of-the-art performance on 6 out of the 9 test sets:
ror rates (DERs) by scoring all speech including overlaps, with AliMeeting-far, AliMeeting-near, AMI-Mix, AMI-SDM, DI-
no oracle speaker counting, no oracle voice activity detection, HARD III and MagicData RAMC. Impressively, EEND-TA im-
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Table 3: Train Dataset Statistics for 1 to 8 Speakers. “Seen
(%)” refers to the percentage of active speakers per utterance
seen by the model across an entire epoch.

Overlap (%) Duration (hrs) Seen (%)
#Spks Real Sim. Real Sim. Real  Sim.
1 N/A NA 27 9047.1 1.6 12.5
2 5.0 39.5 246.2 10,050.5 41.4 12.5
3 16.0 38.0 35.3 12,757.3 84 12.5
4 25.0 339 321.1 12,3776 36.3 125
5 10.1  13.7 46.1 10,130.5 5.7 12.5
6 8.2 10.7 4.1 9821.4 1.7 12.5
7 9.0 14.3 17.0 10,481.9 2.5 12.6
8 15.0 156 2.1 11,083.9 2.2 12.4

Table 4: Real Time Factor (RTF) was computed based on the
total time to decode the DIHARD 111 evaluation set, one by one.

RTF
Model # Params (M) CPU GPU
pyannote.audio v3.1 [24] 8.1* 3.5x107" 1.1x1072
EEND-EDA (ours) 11.3 2.7x107% 71x107*
EEND-M2F [11] 16.3 3.6x107% 25x107*
EEND-TA 13.3 22x107% 2.3x107*

¥ Total parameters for the segmentation and embedding model

proves the DER for DIHARD III by a relative 8.15%. After
dataset-specific fine-tuning (EEND-TA + FT) we further im-
prove upon many DER results for a number of test sets.

There are three datasets where EEND-TA, with or without
dataset-specific fine-tuning, does not beat current state-of-the-
art results: AISHELL-4, CALLHOME and VoxConverse. Con-
trary to EEND-M2F, EEND-TA reaches near state-of-the-art
performance on CALLHOME, while its results on AISHELL-
4 and VoxConverse (containing 5 to 8 speakers and up to
21 speakers, respectively) are still comparable to EEND-M2F.
Most of the errors made on these datasets stem from speaker
confusion. After fine-tuning solely on AISHELL-4, our model
achieves near state-of-the-art results.

5.2. Scaling Pre-training

By scaling model pre-training we show that EEND-TA had
more capacity to learn than originally presented [8]. Table 2
shows the progression of EEND-TA models before and after
scaled pre-training per speaker. Looking at the “S4” and “S8”
models, as expected, by including 5 to 8 speaker pre-training
and allowing EEND-TA to predict up to 8 speakers, we see
an improvement for both DER and MSCE for 5 to 8 speaker
recordings with no major changes to results for 1 to 4 speakers.
Doubling the pre-training data to 100,000 mixtures per speaker,
“EEND-TA C4” further improves upon results, especially for
recordings containing 3 to 7 speakers. Additionally, this model
achieves the lowest DER on the MagicData RAMC test set.

An increase to 6 Conformer encoder layers also demon-
strates a greater capacity to learn. Particularly for recordings
containing 6 to 8 speakers, there are relatively large reductions
to DER. Table 2 also shows similar performance between EDA
and TA variants. By comparing models that were both trained
with randomly initialized heads, EEND-EDA shows consistent
improvement for 5 to 8 speaker recordings. These results are
competitive to models that fully load pre-trained model weights.
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An important point to highlight is that even though our pre-
training strategy crops each item in a batch to 220s, Table 3
shows that for each epoch during pre-training the model sees
sequences of 220s containing 8 speakers 12.4% of the time.

Overall, the pre-training dataset has doubled in size, as has
the maximum possible number of speakers within a single sim-
ulated mixture. This allowed for an increase to EEND-TAs to-
tal number of parameters by 30% (10.2M to 13.3M). However,
when compared to other speech domains, these models are still
relatively small and lightweight. Given a much larger and more
diverse simulated pre-training dataset, we hypothesize that di-
arization models can grow in size to match their ASR coun-
terparts. Even though the pre-training dataset used here is ap-
proximately 80,000 hours in length, this can just be viewed an
80-fold augmentation of the original 960 hour long train set of
the LibriSpeech Corpus. Therefore, future work will look to-
wards further scaling the model size, pre-training dataset size,
and pre-training dataset diversity.

5.3. Real Time Factor

When choosing a model for production, it is important to assess
speed. Table 4 shows the Real Time Factor (RTF) when running
inference on the DIHARD III evaluation set for best performing
end-to-end diarization models and pyannote.audio v3.1. To cal-
culate the RTF, we load the respective system and each record-
ing of the 33 hour long evaluation set into memory. Audios are
loaded as PyTorch Tensors. For the GPU benchmark, the di-
arization model or pipeline is pre-loaded into the GPU’s VRAM.
We then measure the total amount of time it takes each system
to decode the entire entire list of Tensors, one by one. Both
CPU and GPU benchmarks were conducted by using a single
Intel Xeon Gold 6330 Processor. The GPU benchmark used a
single NVIDIA RTX A6000.

As expected, end-to-end models are much faster at diarizing
an audio when compared to clustering-based methods. EEND-
TA is faster than EEND-M2F at both CPU and GPU decod-
ing due to reduced model size and complexity. Here, EEND-
TA processes the DIHARD III evaluation set around 460 times
faster than real time with CPU decoding and 4290 times faster
with GPU decoding, compared to pyannote.audio v3.1’s more
cascaded approach, which is only 3 and 92 times faster with
CPU and GPU decoding, respectively. EEND-EDA is slower
than EEND-TA due to the sequential nature of LSTMs used
in the EDA module. Given pre-processed log Mel-filterbank
features, EEND-TA can process the entire combined 158 hours
long test set in 97s on GPU, 5870 times faster than real time
with GPU VRAM reaching a maximum of only 1.6 GiB.

6. Conclusion

In this paper, we demonstrated that end-to-end diarization mod-
els still possess a significant capacity for learning. By scaling
model pre-training with EEND-TA, we achieved state-of-the-art
results on AliMeeting-far, AliMeeting-near, AMI-Mix, AMI-
SDM, DIHARD III, and MagicData RAMC. We also provided
a strategy for generating up to 8-speaker simulation mixtures,
so that a 220s random crop used for pre-training is highly likely
to include all active speakers. Furthermore, our findings show
that end-to-end methods yield substantially lower real-time fac-
tors, making them well suited to production environments. To
the best of our knowledge, as of February 2025, the results pre-
sented in this paper outperform all other end-to-end diarization
models.
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