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Abstract
Speaker diarization is the task of partitioning au-
dio into segments according to speaker identity,
answering the question of “who spoke when” in
multi-speaker conversation recordings. While
diarization is an essential task for many down-
stream applications, it remains an unsolved prob-
lem. Errors in diarization propagate to down-
stream systems and cause wide-ranging failures.
To this end, we examine exact failure modes by
evaluating five state-of-the-art diarization models,
across four diarization datasets spanning multiple
languages and acoustic conditions. The evalua-
tion datasets consist of 196.6 hours of multilin-
gual audio, including English, Mandarin, Ger-
man, Japanese, and Spanish. Overall, we find
that PyannoteAI achieves the best performance
at 11.2% DER, while DiariZen provides a com-
petitive open-source alternative at 13.3% DER.
When analyzing failure cases, we find that the pri-
mary cause of diarization errors stem from missed
speech segments followed by speaker confusion,
especially in high-speaker count settings.

1. Introduction
Speaker diarization, the task of finding time stamp and
speaker ID information for spoken conversations, remains
one of the most challenging problems in speech process-
ing. The difficulty arises from overlapping speech segments,
varying numbers of speakers, and heterogeneous record-
ing environments (Park et al., 2022). Accurate speaker
diarization has become increasingly critical for automated
meeting transcriptions, voice chat analysis, broadcast con-
tent processing, and as preprocessing for automatic speech
recognition (Park et al., 2022).

Contemporary diarization systems follow three primary
paradigms. Modular approaches decompose the task into
specialized subtasks by first detecting speech through voice
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activity detection (VAD), followed by segmentation, embed-
ding extraction, and speaker clustering (Park et al., 2022;
Landini et al., 2022; Bredin et al., 2020). Various ap-
proaches additionally introduce overlap-aware segmenta-
tion (Plaquet & Bredin, 2023; Bredin & Laurent, 2021).
Although this modularity enables plug-and-play replace-
ment, error propagation from previous modules (e.g., errors
in VAD) are a significant drawback of these pipelines. End-
to-end neural diarization (EEND) formulates the diariza-
tion problem as a multi-label sequence classification with
joint optimization (Fujita et al., 2019; Medennikov et al.,
2020; Park et al., 2025), allowing explicit overlap mod-
eling but facing scalability challenges with high speaker
counts and long recordings. Recent EEND developments
include streaming capabilities through mechanisms such as
the Arrival-Order Speaker Cache (Medennikov et al., 2025).
Hybrid approaches combine these paradigms, applying lo-
cal EEND processing on audio chunks with global cluster-
ing (Kinoshita et al., 2021), balancing overlap handling with
scalability.

Recent benchmarking studies (Pacheco et al., 2025; Aper-
dannier et al., 2024) have provided comparative insights
into diarization system performance. However, compre-
hensive evaluation across diverse languages and recording
settings using readily accessible models remains limited. To
this end, we evaluate five diarization systems across four
datasets spanning five languages and recording conditions
(i.e., meeting recordings, phone calls, and in-the-wild audio).
The tested diarization models consist of four open-source
state-of-the-art models representing different paradigms,
and one commercial API.

This work presents a comparative evaluation of speaker di-
arization models. Our evaluation addresses two questions.
Firstly, the practical question of “given an audio record-
ing in a specific language and acoustic condition, which
available model achieves the best diarization performance?”
and secondly, with future improvements in mind: What
are the exact causes of failure for current state-of-the-art
diarization models? By evaluating the performance of these
models through multilingual analysis, speaker scalability,
and computational efficiency, we provide users with prac-
tical guidance across different deployment scenarios, and
highlight specific areas of improvement for the next genera-
tion of diarization models.
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2. Methodology
Our evaluation adopts an out-of-the-box methodology, test-
ing each system as documented without parameter tuning or
modifications, providing a baseline assessment of plug-and-
play deployment performance. All audio was standardized
to mono-channel 16 kHz sampling rate for consistent input
across models. All experiments were conducted on our in-
ternal cluster using NVIDIA RTX A6000 GPUs except for
pyannotAI, where we used the provided cloud-based API.

2.1. Models

Pyannote. A widely-used open-source modular diariza-
tion pipeline (Bredin, 2023; Plaquet & Bredin, 2023). The
system performs diarization by chunking audio into overlap-
ping segments, applying ResNet-based neural segmentation
to detect speech regions, extracting speaker embeddings,
and clustering them to assign speaker identities. We use
the 3.1 version provided on Hugging Face.1 PyannoteAI2

is a cloud-based commercial service based on the Pyannote
“precision-2” model, although its exact details of implemen-
tation are not publicly documented.

Sortformer (SF). An end-to-end neural diarization
model (Park et al., 2025) using a transformer architecture
with arrival time sorting, and optimized for up to four speak-
ers. The authors mention that the model achieves degraded
performance for higher speaker counts and that the model
suffers from computational limitations for long-form audio
processing, due to the quadratic memory scaling of the self-
attention mechanism. We use the Hugging Face version in
our experiments.3

Sortformer v2 (SF v2). A recent improvement over Sort-
former, Sortformer v2 (Medennikov et al., 2025) consists
of an end-to-end neural diarization model featuring Arrival-
Order Speaker Cache (AOSC), designed for improved long-
form audio processing capabilities. AOSC is a fixed-length
buffer that stores per-speaker embeddings in arrival order
while retaining the most recent and high-confidence frames,
which helps resolve between-chunk speaker permutation
automatically and enables robust low-latency streaming di-
arization.4

DiariZen. A hybrid diarization approach (Han et al.,
2025a;b;c), combining end-to-end neural diarization pro-
cessing with WavLM (Chen et al., 2022) for speaker embed-
dings and clustering components from Pyannote.5

1
https://huggingface.co/pyannote/speaker-diarization-3.1

2
https://www.pyannote.ai

3
https://huggingface.co/nvidia/diar sortformer 4spk-v1

4
https://huggingface.co/nvidia/diar streaming sortformer 4spk-v2

5
https://huggingface.co/BUT-FIT/diarizen-wavlm-large-s80-md

Table 1. Speaker count distribution (in hours) by dataset. CALL-
HOME (CH) contains mostly two-speaker phone conversations.
VoxConverse (VC) has 43.6 hours of audio with more than 5 speak-
ers, with some samples reaching 15+ active speakers, coming from
TV program recordings and public press events. AMI and ALI
contain mostly meeting recordings with 4 active speakers.

#Speakers CH VC AMI ALI

1 0 3.2 0 0
2 74.2 7.9 0 5.9
3 16.2 4.4 0.8 2.7
4 6.0 4.7 17.9 6.4
5+ 2.6 43.6 0 0

2.2. Model Adaptations & Evaluation Metric

Sortformer chunking. Sortformer (SF) requires chunking
for recordings exceeding 12 minutes (specific to the hard-
ware we used and as outlined by the authors), due to memory
scaling constraints in its attention-based architecture. We
implemented audio chunking by splitting recordings into
12-minute chunks, with boundaries aligned with silence
gaps predicted with SileroVAD (Team, 2024), in order to
preserve speech continuity and conversational dynamics.
Only AMI and ALI datasets required chunking, which main-
tained stable speaker count and overlap characteristics with
minimal deviation (0.5%).

Sortformer v2 adaptations. Sortformer v2 (SF v2) is eval-
uated on both the chunked audio that was processed for
use by Sortformer, and the full original audio used by other
models. We denote the model evaluated on full-length audio
as Sortformer v2-streaming (SF v2-stream).

After processing, all model outputs were parsed into a stan-
dardized representation consisting of temporal segments
with start times, end times, and speaker identifiers, allowing
for consistent downstream evaluation.

Diarization error rate (DER) as evaluation metric. We
evaluate all models using DER, the standard metric for
speaker diarization performance (Pacheco et al., 2025),
quantifying the fraction of time attributed to incorrect la-
bels. DER decomposes into three error components: missed
speech (failure to detect actual speech regions), false alarm
(detection of speech in non-speech regions), and speaker
confusion (incorrect speaker assignment). We implement
DER using pyannote.metrics6 with a 0.25 second collar and
skip overlap=False to evaluate performance on over-
lapping speech regions where diarization systems typically
struggle most.

6
https://github.com/pyannote/pyannote-metrics
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Figure 1. Diarization error rate across models showing missed speech (red), false alarm (orange), and speaker confusion (blue) components.
We find that Sortformer v2-streaming, DiariZen, and the commercial PyannoteAI models perform the best overall. The numbers above the
bar represent the total DER (%, lower is better) for each model. We find that missed speech errors are the most common source of errors,
with the exception of Sortformer, which has a higher speaker confusion error than other diarization models.

2.3. Datasets

CALLHOME Corpus (CH). A widely used multilingual
telephone conversation dataset7 spanning five languages:
English (20.3h), Mandarin (20.3h), Japanese (18.7h), Ger-
man (18.4h), and Spanish (21.3h). CH contains two speak-
ers per session, and an average of 12.58% overlapped
speech.

VoxConverse v0.3 (VC). An English language conversa-
tion dataset (Chung et al., 2020) containing 63.8 hours of
speech, where samples were extracted from YouTube videos
containing between 2 and more than 20 speakers per record-
ing. VoxConverse is widely used for high speaker count
evaluation and in-the-wild acoustic conditions including
background noise, varying microphone distances, and un-
controlled recording environments. VoxConverse contains
an average 3.52% overlap speech. We evaluated the models
on both the “dev” and “test” split.

AMI Meeting Corpus (AMI). A dataset (Carletta, 2007)
containing English language scenario-based business meet-
ings with exactly 4 participants per session (18.7 hours total).
Used as a widely adopted benchmark and because profes-
sional meeting environments constitute a core application
domain for speaker diarization. AMI contains on avarage
15.94% of overlap speech. We evaluated the models on both
“dev” and “test” split.

AliMeeting (ALI). Dataset (Yu et al., 2022) contains 15
hours of Mandarin meeting scenarios with structure similar
to AMI, featuring high speech overlap averaging 19%, with
some samples exceeding 50%. We use ALI to evaluate Man-
darin in addition to CALLHOME and challenging overlap
conditions. We evaluated the models on both “eval” and
“test” split.

7
https://huggingface.co/datasets/talkbank/callhome
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Figure 2. We visualize the distribution of speech segment lengths
found over all datasets (left). For each diarization model we vi-
sualize in which segment length missed speech occurred (right).
We find that models exhibit mostly unbiased error patterns across
segment lengths, matching dataset composition, indicating that
the failures are not from missing short segments but rather from
inaccurate onset and end timestamp information across all segment
length types.

3. Results
3.1. General Performance

Figure 1 presents DER and its components across all model-
dataset combinations, revealing that pyannoteAI achieves
the best overall performance (DER = 11.2%). DiariZen
produces competitive performance (DER = 13.3%) as well,
with particularly strong results on VoxConverse (DER =
5.2%), while Sortformer v2-streaming demonstrates excep-
tional performance on ALI (DER = 7.0%), demonstrating
that certain diarization models seem to be more suited for
different conversational settings.

In terms of computational efficiency (cf. Table 4), we find
that Sortformer’s architecture delivers exceptional speed
(regardless of the version), with SF v2 achieving the fastest
average processing (RTF = 214.3x) across all datasets, also
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Table 2. DER (%, lower is better) aggregated by language. SF
stands for Sortformer, SF v2 for Sortformer v2 with chunked audio,
and SF v2-stream for Sortformer v2-streaming.

Model Zho Eng Deu Jpn Spa

DiariZen 10.1 7.0 11.6 15.6 19.1
SF 13.1 15.5 11.1 16.5 21.9
SF v2 9.2 15.3 9.6 12.7 21.1
SF v2-stream 9.4 14.1 9.6 12.7 21.1
pyannote 19.8 11.5 19.0 28.8 27.3
pyannoteAI 10.0 6.6 8.3 13.8 14.3

Table 3. DER (%) aggregated by speaker count. For each column,
we compute DER by averaging all samples with the corresponding
number of speakers and averaging over them. Bold numbers indi-
cate the best-performing system for each speaker count.

Model 1 spk 2 spk 3 spk 4 spk 5+ spk

DiariZen 2.3 11.4 10.3 12.7 7.1
SF 1.5 11.5 14.7 21.3 23.9
SF v2 4.7 10.1 14.3 16.7 22.7
SF v2-stream 4.7 10.4 14.1 13.2 22.7
pyannote 3.2 19.9 19.8 17.1 10.6
pyannoteAI 2.7 9.9 9.1 10.1 6.6

enabling real-time deployment through streaming (Meden-
nikov et al., 2025). This represents a significant advantage
for latency-critical applications, while still maintaining com-
petitive diarization error rates.

Analyzing diarization failure modes (cf. Figure 1), we find
that missed speech constitutes the dominant failure case
across all diarization models, especially in meeting scenar-
ios such as those covered in AMI and ALI. Additionally,
we find that on VoxConverse all Sortformer versions ex-
hibit increased speaker confusion errors. As VC contains
on average higher average speaker counts (cf. Table 1) this
reflects the documented 4-speaker limit and highlights out-
of-distribution generalization gaps.

Additionally, we analyze missed speech segments to un-
derstand error characteristics. All models show consistent
average missed segment durations of roughly 350ms. Anal-
ysis of ground truth segments contributing to these errors
(cf. Figure 2) reveals that models exhibit minimal bias to-
ward specific segment lengths, with the exception for very
short segments (< 0.5s), which account for less than 5%
of errors. The brief duration of missed speech segments
predominantly combined with the distribution highlighted
in Figure 2 shows that the failure is in boundary precision
of longer segments, rather than completely failing to detect
shorter segments. This finding suggests that focusing on
the precision of speech onset and end timestamps would
significantly improve diarization performance.

Table 4. Real-Time Factor (RTF, higher is better) computed as
audio length divided by processing time. Processing time is only
based on model inference time (without data or model loading).
We do not report PyannoteAI’s RTF, as we do not have access to
model inference time through the API.

Model ALI AMI CH VC Avg

DiariZen 20.4 20.4 20.4 19.6 20.2
SF 166.7 160.7 177.9 153.4 164.7
SF v2 223.6 223.7 212.5 197.4 214.3
SF v2-stream 230.6 197.4 212.5 197.4 209.5
pyannote 45.5 47.6 43.5 43.5 45.0

3.2. Per-Language Performance

Table 2 shows cross-lingual performance patterns across
five languages. PyannoteAI achieves the best performance
on English (DER = 6.6%), German (DER = 8.3%), and
Spanish (DER = 14.3%), while SF v2 and SF v2-stream
both excel on Mandarin (DER = 9.2%) and Japanese (DER
= 12.7%), suggesting different models have distinct cross-
lingual strengths. English and Mandarin appear to be gen-
erally the languages where diarization performs the best,
likely due to more training data availability, while Spanish
presents the most challenging condition out of the evaluated
languages.

3.3. Per-Speaker Count Performance

Table 3 reveals speaker count scalability patterns. Pyan-
noteAI demonstrates the best scores in terms of scalability,
maintaining relatively stable performance from 2 speakers
(DER = 9.9%) to 5+ speakers (DER = 6.6%). SF v2 and
SF v2-stream show improved speaker handling compared to
SF, with SF v2-stream exhibiting better performance on 4-
speaker scenarios (DER = 13.2% compared with SF’s DER
= 21.3%), though all Sortformer-based models still experi-
ence degradation with increasing speaker counts due to their
4-speaker limit. DiariZen’s hybrid approach demonstrates
particular effectiveness in high-speaker scenarios (5+: DER
= 7.1%), with its strategy of processing local audio chunks
with EEND from WavLM (Chen et al., 2022).

4. Conclusion
This work evaluated speaker diarization systems across four
datasets containing five languages. Cross-lingual analysis
indicates that annotated data scarcity for certain languages
is a dominant driver in lower diarization performance, and
analyzing failure cases, we found missed speech detection
as the dominant failure mode across all models. Missed
speech was found to be mainly caused by speech onset and
end timing detection errors, highlighting possible future
improvements for diarization models.
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Impact Statement
This work aims to advance speaker diarization by providing
practical guidance on the strengths, limitations, and failure
modes of current systems across languages and recording
conditions. Improved diarization can support applications
such as meeting transcription, accessibility, and speech an-
alytics. Because diarization errors can propagate to down-
stream systems and disproportionately affect underrepre-
sented languages or acoustic conditions, we encourage care-
ful validation before deployment.

References
Aperdannier, R., Schacht, S., and Piazza, A. Systematic

evaluation of online speaker diarization systems regard-
ing their latency, 2024. URL https://arxiv.org/
abs/2407.04293.

Bredin, H. pyannote.audio 2.1 speaker diarization pipeline:
principle, benchmark, and recipe. In Proc. INTER-
SPEECH 2023, 2023.

Bredin, H. and Laurent, A. End-To-End Speaker Segmenta-
tion for Overlap-Aware Resegmentation. In Interspeech
2021, pp. 3111–3115, 2021. doi: 10.21437/Interspeech.
2021-560.

Bredin, H., Yin, R., Coria, J. M., Gelly, G., Korshunov, P.,
Lavechin, M., Fustes, D., Titeux, H., Bouaziz, W., and
Gill, M.-P. Pyannote.Audio: Neural Building Blocks
for Speaker Diarization. In ICASSP 2020 – 2020 IEEE
International Conference on Acoustics, Speech and Sig-
nal Processing (ICASSP), pp. 7124–7128, 2020. doi:
10.1109/ICASSP40776.2020.9052974.

Carletta, J. Unleashing the killer corpus: experiences in cre-
ating the multi-everything ami meeting corpus. Language
Resources and Evaluation, 41(2):181–190, 2007. ISSN
1574-020X. doi: 10.1007/s10579-007-9040-x.

Chen, S., Wang, C., Chen, Z., Wu, Y., Liu, S., Chen, Z.,
Li, J., Kanda, N., Yoshioka, T., Xiao, X., Wu, J., Zhou,
L., Ren, S., Qian, Y., Qian, Y., Wu, J., Zeng, M., Yu,
X., and Wei, F. Wavlm: Large-scale self-supervised pre-
training for full stack speech processing. IEEE Journal of
Selected Topics in Signal Processing, 16(6):1505–1518,
October 2022. ISSN 1941-0484. doi: 10.1109/jstsp.2022.
3188113. URL http://dx.doi.org/10.1109/
JSTSP.2022.3188113.

Chung, J. S., Huh, J., Nagrani, A., Afouras, T., and Zisser-
man, A. Spot the conversation: speaker diarisation in the
wild. In Proc. Interspeech 2020, pp. 299–303, 2020. doi:
10.21437/Interspeech.2020-1893.

Fujita, Y., Kanda, N., Horiguchi, S., Xue, Y., Nagamatsu,
K., and Watanabe, S. End-to-End Neural Speaker
Diarization with Self-attention. In 2019 IEEE Auto-
matic Speech Recognition and Understanding Workshop
(ASRU), pp. 296–303, 2019. doi: 10.1109/ASRU46091.
2019.9003959.

Han, J., Landini, F., Rohdin, J., Silnova, A., Diez, M.,
and Burget, L. Leveraging Self-Supervised Learn-
ing for Speaker Diarization. In ICASSP 2025 – 2025
IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), pp. 1–5, 2025a. doi:
10.1109/ICASSP49660.2025.10889475.

Han, J., Landini, F., Rohdin, J., Silnova, A., Diez, M.,
Cernocky, J., and Burget, L. Fine-tune before struc-
tured pruning: Towards compact and accurate self-
supervised models for speaker diarization. arXiv preprint
arXiv:2505.24111, 2025b.

Han, J., Pálka, P., Delcroix, M., Landini, F., Rohdin, J.,
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