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Abstract
This paper presents the submission of our team to the audio-
visual speaker diarization (AVSD) track of the Multimodal In-
formation Based Speech Processing (MISP) 2025 Challenge.
The submitted system is adapted from the DiariZen pipeline,
with a primary focus on optimizing it for the challenge dataset.
The pipeline consists of a WavLM based local end-to-end neural
diarization module followed by two different clustering meth-
ods. To further refine the results, DOVER-Lap is employed to
integrate results across different input channels and clustering
methods. Our final submission system achieves a diarization
error rate (DER) of 8.33% on the evaluation set, representing
a relative improvement of 46.3% compared to the baseline and
ranking 3rd in the AVSD track of this challenge.
Index Terms: MISP Challenge, speaker diarization

1. Introduction
Speaker diarization is the task of dividing an audio recording
into segments based on speaker identity [1]. This task plays
a vital role in various real-world applications such as meeting
transcription [2] and telephone conversation analysis [3]. The
AVSD track of the MISP 2025 Challenge [4, 5] focuses on
audio-visual speaker diarization. However, we find it hard to
improve the performance by introducing the video input, since
the mislabeled data constitute a significant obstacle. Therefore,
we adopt an audio-only approach for our final system.

Over the years, various methods have been developed to
build effective diarization systems. Among them, one of the
most commonly used approaches is EEND-VC [6], which first
applies end-to-end neural diarization (EEND) to short chunks
of the audio recording and then merges the local diariza-
tion results through speaker embedding extraction and cluster-
ing. This approach leverages the strengths of both clustering-
based techniques and EEND, making it particularly effective
for handling complex scenarios, including overlapped speech
and multi-speaker environments. In this paper, we utilize Di-
ariZen1 [7], a well-established speaker diarization system fol-
lowing the EEND-VC pipeline, to optimize diarization results
on the challenge dataset.

DiariZen is built upon the EEND-VC pipeline by integrat-
ing WavLM [8] and Conformer [9] for enhanced performance,
which has demonstrated state-of-the-art (SOTA) performance
on several speaker diarization datasets including AMI [10] and
AISHELL-4 [11]. During training, it predicts local diarization
assignments from short speech segments of just a few seconds
using EEND. At inference time, it extracts speaker embeddings
from these short segments based on the EEND-derived diariza-

1https://github.com/BUTSpeechFIT/DiariZen

Figure 1: The schematic diagram of the proposed system.

tion labels and then clusters the embeddings to aggregate local
results into a global speaker assignment. This approach effec-
tively combines the advantages of EEND for handling short seg-
ments with a clustering framework to produce coherent, overall
speaker diarization results.

To tailor DiariZen specifically for the AVSD track of the
challenge and boost performance on its complex, domain-
specific data, we introduce several key modifications. First, we
retrain DiariZen using only the challenge dataset, ensuring do-
main relevance. Next, we slightly modify the EEND module
to enhance its ability to handle overlapped speech and multi-
ple speakers. In the vector-clustering stage, we experiment with
different speaker embedding models and clustering approaches
to further refine the ability of the system to distinguish speakers
in diverse acoustic conditions. Finally, we apply a range of post-
processing techniques including channel selection, DOVER-
Lap fusion, and boundary shifting to further improve perfor-
mance, yielding a more robust overall system for the challenge.
Combining the strategies above, our system achieves an 8.33%
DER on the evaluation set of the AVSD track.

2. System discription
2.1. System overview

Figure 1 illustrates the pipeline of our system. First, we seg-
ment a long audio recording into shorter chunks of a few sec-
onds each and apply an end-to-end neural diarization model
to these chunks. Next, within each chunk, we identify single-
speaker segments to extract speaker embeddings for all detected
speakers. Then we aggregate the speaker embeddings from all
chunks and apply two clustering methods: agglomerative hier-
archical clustering (AHC) and normalized maximum eigengap-
based spectral clustering (NMESC) [12]. Finally, we repeat the
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pipeline for every available input channel. For each clustering
method, we select only those channels which predicted num-
ber of speakers meets or exceeds the oracle number of speakers
to avoid underestimation. We combine the diarization outputs
from all selected channels across both clustering methods using
DOVER-Lap [13] to produce the final result.

2.2. EEND module

The EEND module is designed to generate local diarization out-
puts from short audio segments in an end-to-end manner, lever-
aging the representational ability of neural networks. It is built
on the DiariZen backbone, replacing traditional EEND compo-
nents with WavLM and Conformer. Specifically, the module
comprises a feature extraction block consisting of WavLM, a
weighted-sum layer, a linear transformation with layer normal-
ization, followed by a Conformer model, and a classification
head composed of a linear layer and a softmax function. Instead
of the original DiariZen pipeline, which adopts WavLM-Base+,
we opt for WavLM-Large for its stronger capabilities in speech
processing tasks [14]. A linear layer following WavLM reduces
the feature dimension from 1024 to 256. We then employ four
Conformer blocks with 256-dimensional features, ensuring con-
sistency with the output of the feature extraction block.

Powerset loss [15] is employed for EEND model training
because it empirically yields better performance. After examin-
ing the dataset statistics, we set the maximum number of speak-
ers per chunk to four and the maximum number of overlapping
speakers per frame to three, resulting in a total of 15 power-
set classes. This configuration helps reduce speaker confusion
errors in the DER calculation.

During training, we do not freeze the parameters of
WavLM-Large. Instead, we use a smaller learning rate (1×10−5)
compared to the other EEND modules (1×10−3). While the pa-
rameters of WavLM are fine-tuned from a pretrained model2,
the other parts in the EEND pipeline including the weighted-
sum layer and Conformer blocks are trained from scratch.

We determine the optimal chunk size through experiments,
finding that a 16-second window with a 12-second hop size
slightly outperforms other configurations. Consequently, we
adopt this setup in all subsequent experiments.

Another advantage of the DiariZen pipeline is that it does
not require a large amount of training data for EEND, unlike
many other approaches that rely on extensive simulated data.
As a result, our system is trained on the challenge training set
which contains fewer than 120 hours of recorded speech.

2.3. Speaker embedding module

For the speaker embedding module, we use pretrained mod-
els3 from the WeSpeaker toolkit [16] without any additional
training or fine-tuning. Once local EEND is applied, we iso-
late single-speaker segments from the diarization results of each
short chunk. We then concatenate these segments to extract the
corresponding speaker embeddings.

We experiment with three different pretrained speaker mod-
els for this challenge. Table 1 presents details on different
models and their respective equal error rates (EER) on popu-
lar speaker recognition tasks.

Speaker embedding extraction is performed only during the

2https://github.com/microsoft/unilm/tree/
master/wavlm

3https://github.com/wenet-e2e/wespeaker/blob/
master/docs/pretrained.md

Table 1: EER (%) on VoxCeleb-O or CNCeleb Evaluation Sets
for different speaker embedding models trained on VoxCeleb or
CNCeleb using the WeSpeaker toolkit (“-CN” and “-Vox” indi-
cate training and evaluation on CNCeleb or VoxCeleb, respec-
tively).

Model EER%

ResNet34-LM-CN 6.492
ResNet34-LM-Vox 0.723
ResNet293-LM-Vox 0.447

inference stage. Specifically, the local window size for infer-
ence remains 16 seconds, while the hop size is reduced to 1.6
seconds to ensure finer granularity in speaker representation.

2.4. Clustering module

We explore two clustering methods after extracting speaker em-
beddings: AHC and NMESC. Through our experiments, we
find AHC consistently produces lower DER than NMESC be-
cause NMESC is more prone to inaccurately estimating the
number of speakers, often leading to overestimation or under-
estimation in the development and evaluation sets of the chal-
lenge.

The AHC implementation closely follows DiariZen which
is adopted from the pyannote toolkit4. Additionally, we inte-
grate the NMESC pipeline from the NeMo toolkit5 into our
system to explore an alternative clustering approach for speaker
diarization.

2.5. Post-processing module

The post-processing module for this challenge consists of three
key components: predicted speaker number based channel se-
lection, DOVER-Lap fusion on the selected channels and clus-
tering methods, and shifting the hypothesized diarization re-
sults. These steps aim to refine the diarization output by select-
ing the most reliable channels, improving speaker assignment
through late fusion, and aligning the final results for better ac-
curacy.

2.5.1. Channel selection

Despite the availability of 8-channel audio in the challenge, we
only use the first channel in our training process. After training
the local EEND model and performing inference, followed by
speaker embedding extraction and clustering, we observe unsta-
ble performance on both the development and evaluation sets.
We attribute this instability to the difficulty in accurately esti-
mating the number of speakers, as each audio recording in de-
velopment and evaluation sets contains 4 to 8 speakers, and the
speaker embedding models are not further fine-tuned on this
specific dataset. The lack of fine-tuning may have limited the
ability of the model to distinguish between similar speaker char-
acteristics, leading to a higher speaker confusion rate and ulti-
mately resulting in poorer DER performance.

To address these challenges, we try applying DOVER-Lap
across all channels as well as using multi-channel inputs for lo-
cal EEND, but neither approach yields stable results. Since the
evaluation set provides the oracle number of speakers for each

4https://github.com/pyannote/pyannote-audio
5https://github.com/NVIDIA/NeMo
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recording, we investigate whether our system accurately pre-
dicts them. Unfortunately, in most channels, the model either
overestimates or underestimates the actual speaker count.

Further analysis reveals that underestimation is more detri-
mental than overestimation. When the system underestimates
the number of speakers, it merges distinct speakers into a single
cluster, resulting in numerous misassigned segments. This sub-
stantially increases the speaker confusion rate in DER. Overes-
timation, on the other hand, has a less severe impact on overall
performance.

Consequently, we refine our use of multi-channel infor-
mation by running inference on all channels with our single-
channel pipeline, then selectively retaining only those channels
that correctly predict or overestimate the number of speakers.
We apply DOVER-Lap to fuse the diarization results of these
selected channels rather than fusing all channels indiscrimi-
nately. This strategy yields more stable performance and ef-
fectively mitigates the risks associated with underestimation.

2.5.2. DOVER-Lap

DOVER-Lap is a technique for combining diarization outputs
from overlap-aware diarization systems, which has proven ef-
fective in various challenges including VoxSrc [17] and DIS-
PLACE [18]. Its primary goal is to merge the outputs from
multiple diarization systems or channels into a single, coherent
result, ultimately improving robustness and accuracy.

After running inference on all channels, we selectively re-
tain only those channels that do not underestimate the number
of speakers, then apply DOVER-Lap on these selected chan-
nels. This approach produces lower DER than single-channel
results and significantly outperforms the strategy of applying
DOVER-Lap across all channels.

To further enhance performance, on the evaluation set, we
run inference on all channels using both AHC and NMESC,
thereby obtaining two diarization outputs per channel. We uti-
lize the same speaker embeddings for both clustering meth-
ods, while the EEND module remains fixed. Finally, we per-
form DOVER-Lap on the selected channels from both cluster-
ing outputs, leading to additional improvements in overall per-
formance.

2.5.3. Shifting

In this challenge, DER is calculated with a 0-second collar,
making the evaluation especially sensitive to minor timing off-
sets. We observe that shifting the entire diarization result by
0.03 seconds improves performance on both development and
evaluation sets. A possible explanation is that the oracle Rich
Transcription Time Marked (RTTM) files are generated using
the close-talk microphone timestamps of each speaker, while
the predictions of our system are derived from far-field micro-
phones. This mismatch between near- and far-field devices,
combined with possible hardware latency, leads to a slight mis-
alignment between the reference annotations and system pre-
dictions.

By shifting the predicted diarization results earlier, we align
the estimated boundaries more closely with the reference. Our
experiments demonstrate that bringing the hypothesized seg-
ment boundaries closer to the true onset and offset times ef-
fectively reduces the overall DER.

Table 2: Performance comparison of different WavLM versions
in EEND module on the development set. “Pretrained” refers
to a system that directly utilizes the pretrained checkpoints of
DiariZen trained on external datasets. For all experiments, we
adopt ResNet293-LM pretrained by WeSpeaker on VoxCeleb as
the speaker embedding model and use AHC for clustering. (FA:
False Alarm, MS: Missed Detection, SC: Speaker Confusion)

System FA% MS% SC% DER%

Base+ Pretrained 11.52 1.63 0.86 14.01
Base+ 3.85 3.50 1.53 8.88
Large 3.47 3.32 0.45 7.24

3. Experiments
3.1. Evaluation of EEND

In DiariZen, WavLM-Base+ is used within the EEND mod-
ule and has demonstrated competitive performance on various
benchmarking datasets. However, despite the superior model-
ing capacity of WavLM-Large, it was not evaluated in the orig-
inal experiments of DiariZen. In this work, we compare the
two models on the challenge dataset and find that substituting
WavLM-Large for WavLM-Base+ achieves better diarization
performance.

Table 2 presents the results on the development set. The
first row uses pretrained checkpoints from DiariZen, which
were trained on AMI [10], AISHELL-4 [11] and AliMeet-
ing [19], but the domain mismatch between these datasets and
the challenge dataset reduces overall performance. Next, when
we train WavLM-Base+ directly on the challenge dataset, there
is a marked improvement in DER on the development set. Re-
placing WavLM-Base+ with WavLM-Large yields an even fur-
ther reduction in DER. A detailed breakdown of False Alarm
(FA), Missed Detection (MISS) and Speaker Confusion (SC)
shows that WavLM-Large outperforms WavLM-Base+ on all
three metrics, highlighting the stronger modeling capabilities of
WavLM-Large for the diarization task. Meanwhile, more em-
phasis should be placed on FA and MISS, as further analysis
reveals that SC on the development set is highly dependent on
whether the speakers are correctly identified in session M028,
a factor closely tied to speaker embedding extraction and clus-
tering hyperparameters. Based on these observations, we adopt
WavLM-Large as the core EEND module in all subsequent ex-
periments.

3.2. Evaluation of speaker models

To evaluate different speaker models within our pipeline, we
utilize pretrained models from the WeSpeaker toolkit, which
were originally trained on either the VoxCeleb or CNCeleb
dataset. However, the model trained on CNCeleb performs sig-
nificantly worse compared to its VoxCeleb counterpart.

Table 3 compares the performance of three speaker embed-
ding models, demonstrating that deeper ResNet architectures
trained on the VoxCeleb dataset generally achieve better DER
on the development set. Based on these findings, we select
ResNet293-LM trained on VoxCeleb as the speaker embedding
model for subsequent experiments.

3.3. Evaluation of post-processing

Table 4 illustrates how various post-processing techniques im-
pact DER on both the development and evaluation sets. The first
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Table 3: Performance comparison of different speaker embed-
ding models on the development set. We adopt WavLM-Large
for EEND and AHC for clustering. (“-CN” and “-Vox” indi-
cate models pretrained on CNCeleb or VoxCeleb, respectively)

System FA% MS% SC% DER%

ResNet34-LM-CN 3.47 3.32 13.84 20.63
ResNet34-LM-Vox 3.47 3.32 1.25 8.04
ResNet293-LM-Vox 3.47 3.32 0.45 7.24

row presents the results under the max-speaker-per-frame=2
setting during EEND training, meaning the model can handle
at most two overlapping speakers in a single frame. We include
the first row to maintain consistency with our previous analyses
of the local EEND and speaker models, which are conducted
under the same configuration. This allows for a direct compar-
ison between previous findings and the post-processing exper-
iments presented here. Under this setting, DER is 7.24% on
the development set and 9.30% on the evaluation set. How-
ever, we later observe that setting max-speaker-per-frame=3 as
row 2 depicts significantly improves DER on the evaluation set
(8.99%). Meanwhile, DER on the development set rises under
this setting, likely because its overlap ratio is only about 0.64%,
leaving almost no scenario with three simultaneous speakers.
In contrast, the evaluation set features a higher overlap ratio,
making the ability to model three concurrent speakers more ad-
vantageous. Note that neither row 1 nor row 2 includes post-
processing, so the results showed in row 2 effectively serve
as the baseline for comparing subsequent configurations, all of
which adopt max-speaker-per-frame=3.

Rows 2 to 6 in Table 4 demonstrate how channel selection
and DOVER-Lap influence the final DER performance. In row
2, we use single-channel input with AHC clustering, achiev-
ing 7.52% DER on the development set and 8.99% DER on the
evaluation set. Rows 3 and 4 apply DOVER-Lap to all chan-
nels in one case and to selected channels in the other, both us-
ing AHC-based clustering. The results show that including all
channels significantly worsens the DER on both the develop-
ment and evaluation sets, while restricting DOVER-Lap to se-
lected channels improves the single-channel baseline by 0.14%
on the development set and 0.31% on the evaluation set. The
channel selection depends solely on whether the predicted num-
ber of speakers matches or exceeds the oracle speaker count for
each recording. As a result, a channel that accurately predicts
speakers during development set inference may not provide the
same level of accuracy for the evaluation set. Therefore, the se-
lection process is conducted independently for the development
and evaluation sets.

Rows 5 and 6 replace AHC with NMESC for clustering
speaker embeddings, but the local EEND and speaker em-
bedding extraction configurations remain unchanged. Under
single-channel conditions, NMESC performs worse than the
AHC baseline due to an increase in SC. However, applying
channel selection and DOVER-Lap effectively mitigates this is-
sue, leading to more than 1% improvement in SC and a signif-
icant reduction in overall DER. Notably, on the development
set, NMESC does not underestimate the number of speakers,
allowing us to retain all channels for diarization.

We find that applying DOVER-Lap across all channels for
each audio recording, which performs “late fusion” on multi-
ple diarization outputs, results in worse performance than the
single-channel baseline. We attribute this to the instability in

Table 4: Ablation study of post-processing techniques on the de-
velopment (Dev) and evaluation (Eval) sets. We adopt WavLM-
Large for EEND and use ResNet293-LM as the speaker embed-
ding model.

System Dev Eval
FA% MS% SC% DER% DER%

EEND max-spk-per-frame=2 3.47 3.32 0.45 7.24 9.30
AHC (ch1) 3.86 3.16 0.50 7.52 8.99
AHC (all) 3.77 3.15 1.25 8.18 -
AHC (selected) 3.79 3.13 0.46 7.38 8.68
NMESC (ch1) 3.86 3.16 1.58 8.59 -
NMESC (all/selected) 3.78 3.16 0.55 7.49 -
AHC+NMESC 3.77 3.14 0.45 7.36 8.61
Shifting 3.58 2.95 0.45 6.98 8.33

SC, which is caused by underestimating the number of speak-
ers on certain channels in both clustering methods. This un-
derestimation introduces large discrepancies in speaker assign-
ments across channels, disrupting the alignment process within
DOVER-Lap. To address this issue, we adopt a “Channel Se-
lection + DOVER-Lap” approach, choosing only channels that
can accurately predict or overestimate the speaker count dur-
ing inference. This strategy ensures a more consistent speaker
assignment among the selected channels, thereby strengthening
the alignment process and ultimately reducing SC. As a result,
we observe significant improvements in DER on both the devel-
opment and evaluation sets.

Further improvements are obtained by applying DOVER-
Lap to all channels selected under the same principle in both
AHC and NMESC pipelines as depicted in row 7, yielding a
7.36% DER on the development set and 8.61% on the evalua-
tion set. This strategy arises from our observation that NMESC
demonstrates more stable performance than AHC on single-
channel audio, prompting us to combine both clustering meth-
ods for a more robust solution. Finally, incorporating the shift-
ing technique further reduces FA and MISS, resulting in a final
DER of 6.98% on the development set and 8.33% on the eval-
uation set. Overall, these post-processing enhancements collec-
tively provide an improvement of approximately 0.66% over the
baseline without post-processing, highlighting the effectiveness
of our methods in diarization tasks.

4. Conclusions
This paper presents our submission to the AVSD track of
the MISP 2025 Challenge. Our approach is based on the
EEND-VC pipeline, adapted from DiariZen, which comprises
a WavLM-Large and Conformer based local EEND module,
a ResNet based speaker embedding extraction module, and
AHC/NMESC based clustering. We also employ a set of post-
processing techniques in three stages. First, we apply chan-
nel selection to retain only those channels that accurately pre-
dict or overestimate the number of speakers. Next, we perform
DOVER-Lap on these selected channels with different clus-
tering methods to fuse their outputs. Finally, we shift the di-
arization results, refining the segment boundaries and improv-
ing overall performance. Although we do not utilize an audio-
visual strategy, our audio-only approach achieves 8.33% DER
on the evaluation set, representing a 46.3% relative improve-
ment over the baseline and ranking 3rd in the AVSD track of
this challenge.
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