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Abstract—Speaker diarization becomes challenging in multilin-
gual and code-switched speech due to frequent speaker changes
and acoustic variability. While PyAnnote achieves state-of-the-art
performance on standard benchmarks, its effectiveness drops on
complex datasets like DISPLACE-2. To address this issue, we
propose to improve the performance of the global agglomerative
clustering by improving the input embeddings. Specifically, we
enhance the embeddings by analyzing their pairwise correlations
and averaging highly correlated embeddings. This approach im-
proves speaker representation for highly correlated embeddings
while reducing speaker confusion and improving clustering accu-
racy. Evaluated on DISPLACE-2 Track-1 (multilingual speaker
diarization), our method shows a 3% relative DER improvement
over the baseline, and 8% when combined with segmentation
fine-tuning. Notably, the approach reduces DER in rapid turn-
taking and language transition regions, improving robustness in
code-mixed speech.

Index Terms—speaker diarization, ECAPA-TDNN embedding,
local speaker segmentation, DISPLACE-2

I. INTRODUCTION

Speaker diarization involves the segmentation of speech
into coherent segments based on speaker identities, addressing
the question of “who spoke when”. Traditional methods [1]-
[3] employ a cascade of steps, including voice activity de-
tection, speaker embedding for discriminative representations,
and clustering. However, these approaches have drawbacks,
such as error propagation and difficulty handling overlapping
speech regions without additional post-processing. In response
to these limitations, a new family of approaches, known
as end-to-end diarization (EEND) [4], has emerged. EEND
rethinks speaker diarization entirely, aiming to train a single
neural network that directly processes the audio recording
and outputs the desired partitions. There are two popular and
recent approaches, such as Variational Bayessian Clustering
(VBx) [5] and Pyannote [6] that have played crucial roles
for speaker diarization. VBx leverages a modular approach
by incorporating components like VAD, x-vector extraction
using RESNET architecture, and clustering algorithms. This
framework employs a variational Bayesian model to handle
uncertainty in speaker modeling, enhancing the robustness of
diarization results.

Recent advances in speaker embeddings, such as d-vectors
[7], i-vectors [8], x-vectors [5], TITANET [9] [10] and

ECAPA-TDNN [11], have improved performance on monolin-
gual corpora but struggle in multilingual settings, especially
with code-switching. Although, the use of different embedding
vectors have shown improvement on the standard mono-
lingual corpus [12] [13] , they do not guarantee the impact
on a multi-lingual scenario [14]. However, the embeddings
trained for mono-lingual diarization do no perform well in the
presence of code-switching. Efforts in ongoing research are
consistently aimed at progressing speaker diarization within
the context of natural multilingual conversations. There are
many challenges [15] [16] organized for mono-lingual corpus.
In contrary, [17] aimed to highlight new hurdles and devel-
opment in speaker and language diarization for multi-lingual
conversational speech data. The second DIriazation of SPeaker
and LAnguage in Conversational Environments (DISPLACE)
challenge [18] emphasizes addressing challenges in speaker
and language diarization and automatic speech recognition
(ASR) in code-mixed/switched multi-accent conversational
scenarios. Track-1 focuses on Speaker Diarization in multilin-
gual scenarios, requiring teams to diarize audio with speakers
using multiple code-mixed and/or code-switched languages.
Our participation is in track-1 i.e., speaker diarization in
multilingual scenarios.

Despite the demonstrated effectiveness of the Py Annote sys-
tem in monolingual corpora, it encounters notable challenges
when dealing with multilingual code-mixed data, such as
DISPLACE-2, leading to a decline in performance. Motivated
by these challenges, we address the speaker diarization in
multilingual scenario in two phases: (i) improving the ECAPA-
TDNN embedding generated by using the average of the
highly correlated speaker segments and, (ii) fine-tuning the
local speaker segmentation model by generating the pseudo
labels on the unsupervised speech data along with the devel-
opment data.

The paper is organized as follows: Section II briefly de-
scribes the proposed work. Section III and IV-A discusses
experimental design and results. Section V concludes the
paper, suggesting future directions.

II. TWO-STAGE CLUSTERING

Figure 1 illustrates a high-level overview of the speaker
diarization pipeline. Part (A), enclosed in a blue dashed box,



represents the PyAnnote system. It consists of the following
sub-processes:
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Fig. 1. Functional blocks of the state-of-the-art PyAnnote speaker diarization
system (A) and the proposed correlation-based clustering initialization module

(B).

« Speaker segmentation [19] is applied to create speaker-
specific segments for a given audio file. An end-to-end
neural model [20] is applied using a 5s sliding window
with a 500 ms step. For each step, the model outputs the
probability of a speaker being active every 16 ms for up
to Kpae = 3 speakers.

« Speaker embeddings: For each window w, K,, speaker
embeddings are extracted—one per active speaker. These
embeddings are based on the ECAPA-TDNN architec-
ture.

+ Global agglomerative clustering identifies the embed-
dings from same speaker and assign them as a single
cluster. The clustering uses Agglomerative Hierarchical
Clustering (AHC) approach thereby aggregating the clus-
tered local speaker segments into a diarization output.

In the PyAnnote pipeline, relations between local speaker
embeddings are considered only during global agglomerative
clustering. Part (B) of Figure 1 introduces an enhancement
over the baseline by incorporating a correlation-based clus-
tering initialization module. This component leverages the
similarity structure among speaker embeddings to provide
a more informed starting point for the AHC algorithm. It
connects to the pipeline via dashed arrows, indicating it’s an
optional add-on or enhancement to the baseline.

A. Proposed Clustering Initialization

In Figure 2, the segmentation output is the probability of
the local speaker being active every 16 ms as shown in Figure
2 (a). Chunks [C;, Cs, ....C},], with a 1-second size and
overlap every 16 ms, are processed (Figure 2 (b)). Each chunk
J generates one embedding per speaker forming S ;, Sa;, S3;
vectors of 256 dimensions. For example, {S11, S21, S31} and
{S12, S22, S32} represent embeddings for C; and Cy chunks,
respectively.

We modify the embeddings by analyzing the pairwise
correlation among the ECAPA-TDNN embeddings. Let S; and
S, denote the sets of ECAPA TDNN vectors for chunks 1 and
2:

S1 = {S11,S21,831} (1)
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Fig. 2. Functional blocks in the proposed clustering initialization. The details
of (a) to (e) are described in section II-A

Sy = {S12,S22, 832} 2

We then proceed as follows:

o Correlation Matrix: Calculate the Pearson correlation
[21] R;; between vectors from chunk 1 and chunk 2:

Rij = COI‘I‘(SM7 ng) (3)

e Distance Matrix: Compute the Euclidean distance [22]
D;; between vectors from chunk 1 and chunk 2:

Dij = ||S1: — Sa| 4)

The matrices are shown in Figure 2 (c), where the ‘+’ sign
indicates higher correlation or distance, and ‘-’ represents
lower values.

o Average the Embeddings: If the correlation R;; is above
a threshold T and the distance D;; is below T, the
embeddings are averaged:

Sugs = 15 ©
Other vectors remain unchanged.

For highly correlated and closely spaced vectors, such as
S11, S21, S31, S12, and S3o, we represent them as their mean,
replicated across local speakers with high correlation (‘A’ in
Figure 2 (e)). In cases like Soo, where the correlation is low
and the distance is high, the vector is scaled (represented as
‘B’) to minimize confusion at later stages. The modifications
to the ECAPA TDNN are extended to every pair of consecutive
chunks until the last chunk, i.e., the end of the utterance.

B. Fine-Tuning Speaker Segmentation Model

Fine-tuning on domain-specific data has been shown to
improve the system performance. Therefore, to further im-
prove clustering accuracy, we finetune a part of the PyAnnote



pipeline that is the speaker segmentation model.The speaker
segmentation model in the PyAnnote-based system uses a
PyanNet architecture with SincNet [23] features. It consists
of two stacked bi-directional LSTM layers (128 units each),
no temporal pooling, two feedforward layers (128 units, tanh
activation), and a final classification layer (2 units, softmax
activation). In our work, we finetune the speaker segmentation
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Transfer Learning
Pseudo
Speaker
Labels
Speaker

Verification

Databases Unsupervised

Dev Data
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Fig. 3. Fine-tuning of the speaker segmentation model

model by using the annotated development data (Dev) pro-
vided by the DISPLACE-2 team as shown in Figure 3. On top
of it, we utilize the unsupervised data (=~ 100 hours) provided
as a part of the challenge, and generate the pseudo speaker
labels from the pyannote system. Fine-tuning involves adapt-
ing the pre-trained model using annotated development data
(Dev) from DISPLACE-2 with permutation-invariant training.
The permutation-invariant loss function L is given by:

L(y,§) = min Lgcg(perm(y), §) (6)

perm(y)
where § = f(X) is the model output and perm(y) represents
all permutations of y. We compute binary cross-entropy losses
between all pairs of dimensions and use the Hungarian algo-
rithm to find the permutation that minimizes the loss, ensuring
effective handling of speaker label permutations.

ITII. EXPERIMENTAL SETUP

A. Database

For the DISPLACE-2 challenge, the organizers released
over 100 hours of data for development and evaluation. This
data presents challenges for speech-based systems like speaker
and language identification or automatic speech recognition.

TABLE I
DESCRIPTION OF DISPLACE SECOND CHALLENGE DATASET FOR

TRACK-1

Dataset #Files  Duration (hh:mm:ss)

DEV (supervised) 35 19:44:44

DEV (unsupervised - part 01) 104 66:45:11

DEV (unsupervised - part 02) 65  54:51:11

Eval (phase 01) 32 17:56:11

Hinglish Data! 6  02:11:09

]Special thanks to Muskan Gupta for open sourcing the audio samples and
speaker annotations on “Hindi English Conversational Speech”. Link: https:
//github.com/muskang48/Speaker-Diarization?tab=readme- ov-file#dataset

B. Hardware Requirements

We utilised a NVIDIA GeForce RTX 3090 single GPU
instance for the PyAnnote baseline (mainly for local speaker
segmentation model and ECAPA-TDNN embeddings extrac-
tion). The real-time factor is around 2.6% meaning 1 hour
of speech was diarized in 1.6 minutes of time. For the
experiments related to modifications of embedding vectors,
they were saved as numpy n-dim array and loaded on CPU
Architecture (x86_64) with 64-bit operating mode.

IV. RESULTS AND DISCUSSION
A. Evaluation on DISPLACE 2 Dataset

Table II presents the results of different methods evaluated
on the development and test datasets of DISPLACE-2 (Track-
1) in phase-01, specifically focusing on Diarization Error Rate
(DER).

TABLE 11
DER ON DIFFERENT METHODS EVALUATED ON THE DEV AND TEST
(PHASE-01) DATASET OF DISPLACE-2 (TRACK-1)

DER (%)

Methods DEV  TEST
Baseline [Spectral Clustering] 30.44 -

Baseline [VB-HMM + Overlap] 29.16  34.76
PyAnnote [3.1] 29.53  34.96
Fine-tuned seg model [on DEV] 25.21 33.99
Fine-tuned seg model [on DEV + Pseudo Labels] 27.37  34.28
Fine-tuned seg model [on DEV + Hinglish data] 2546 3334
Proposed clustering initialization 29.08  34.00
Fine-tuned seg model + 2493 3210

Proposed clustering initialization

It can be observed that the baseline system provided by
the DISPLACE_2024 team (xvector from TDNN architecture
with VB-HMM clustering) and the PyAnnote (v3.1) systems
operate at a DER of 34.76% and 34.96% on test data. The DER
on the test data was obtained from the CodaLab portal (an au-
tomated system that accepts diarization RTTMs and provides
utterance-level DER) shared by the organizers. In the fine-
tuning stage, we adapted the SincNet (also called PyAnnote)
model on dev data, pseudo labels from unsupervised data, and
a sample of 2 hours of code-mixed data (Hindi mixed with
English). Fine-tuning on dev data reduces DER by 0.97%
absolute (34.96% compared to 33.99%, as shown in Table II).
Extending fine-tuning to dev+pseudo labels yields better DER
than the baseline and PyAnnote systems. Additionally, fine-
tuning on 2 hours of multi-lingual data decreases DER by
1.62% absolute (34.96% compared to 33.34% in the table).
The proposed clustering initialization, when evaluated with
a pre-trained local speaker segmentation model, achieves a
0.55% absolute improvement (34.96% compared to 33.34%
in the table). The effect of the clustering initialization is



most pronounced when applied to fine-tuned local speaker
segments. The combination of the fine-tuned segmentation
model and the modified ECAPA-TDNN embedding yields a
2.86% absolute improvement (34.96% compared to 32.10%
in the table) or 8.2% relative in DER compared to the
baseline PyAnnote system. The proposed framework secured
4™ position on the leaderboard out of 10 entries, demonstrating
the effectiveness of analyzing patterns in the embedding space
with less data.

B. Evaluation on AMI Dataset

In order to test the generalization capability of the proposed
work, we extended the same framework on the “AMI-SDM-
Mini” dataset [24] and observed the improvement in the DER
as shown in Table III.

TABLE IIT
DER ON DIFFERENT METHODS EVALUATED ON THE TEST SET OF
AMI-SDM-MINI DATASET

Methods DER on Test set (%)
PyAnnote (3.1) 25.97
Fine-tuned segmentation model 25.14
Finetune segmentation model + 2488

Proposed clustering initialization

C. Distribution of False Alarms, Missed Detection and
Speaker Confusions

Table IV gives the comparison of different systems on
missed detection, false alarm, confusion, total, and DER on
DISPLACE 2 dataset. The false alarm rate has decreased
from 6063.2 seconds (Baseline) to 5175.9 seconds (Proposed
clustering initialization) and 5427.7 seconds (finetuned speaker
segmentation model + proposed clustering initialization), in-
dicating an improvement in system performance.

D. Impact of Proposed Clustering Initialization on Speaker
Transition Regions

Figure 4 illustrates the DER observed during speaker tran-
sitions at the utterance level for different systems. The com-
parison includes the PyAnnote baseline, embeddings modified
using the proposed clustering initialization, and a finetuned
speaker segmentation model with improved ECAPA-TDNN
embeddings. We observe that the majority of utterances in the
test set show a reduction in DER (indicated by pink asterisks)
when using the modified ECAPA-TDNN embeddings. This
suggests that the proposed initialization helps in better distin-
guishing speakers, particularly during transition regions where
speaker overlap or quick turn-taking occurs. The improvement
appears to stem from reduced speaker confusions, although
a more detailed analysis of the distribution of false alarms,
missed detections, and speaker confusions is needed to confirm
this trend.

TABLE IV
COMPARISON OF DIFFERENT SYSTEMS ON MISSED DETECTION, FALSE
ALARM, CONFUSION, TOTAL, AND DER.

System Missed Detection (s) False Alarm (s) Confusion (s) Total (s) DER (%)

7557.7
7801.4
7424.0

6063.2
5175.9
54277

10846.4
10829.9
9621.8

70034.3 349
70034.3 339
70034.3 32.1

Baseline
Proposed clustering initialization
Finetuned + Proposed clustering initialization

DER during spk transition per Utterance for Different Systems

Systems
B baseline (avg DER: 8.74)
I emb_modifier (avg DER: 8.45)
B finetuned_plus_emb_modifier (avg DER: 8.06)
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Fig. 4. Utterance-level DER during speaker transition regions for different
systems: (i) PyAnnote baseline, (ii) system with modified embeddings using
the proposed clustering initialization, and (iii) fine-tuned speaker segmenta-
tion model with improved ECAPA-TDNN embeddings. The plot highlights
improvements in DER, particularly in transition regions, indicating reduced
speaker confusions.

These findings highlight the effectiveness of the proposed
clustering initialization and embedding refinements in improv-
ing speaker transition accuracy, which is often a challenging
aspect of diarization tasks.

E. Impact of Proposed Clustering Initialization on Language
Transition Regions

Figure 5 presents the DER measured at utterance-level
segments containing language transitions, particularly in code-
mixed regions where speakers switch between languages.
The comparison spans three systems: the PyAnnote baseline,
a system using embeddings adjusted through the proposed
clustering initialization, and a fine-tuned speaker segmentation
model incorporating enhanced ECAPA-TDNN embeddings.

Quantitatively, the baseline system shows an average DER
of 6.05%, while the system with modified embeddings reduces
it to 5.77%. Further finetuning on top of the embedding
modifications brings the DER down to 5.57%. These gains are
particularly evident in utterances highlighted by magenta stars.
This suggests that the combination of clustering initialization
and embedding refinement enhances the system’s ability to
handle language transitions, which are often acoustically di-
verse and challenging for diarization systems.

Overall, the figure indicates consistent performance im-
provement across a majority of utterances, with the proposed
method effectively reducing speaker confusions and detection
errors during multilingual transitions.
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Fig. 5. Utterance-level DER during language transition regions for different
systems: (i) PyAnnote baseline, (ii) system with modified embeddings using
the proposed clustering initialization, and (iii) fine-tuned speaker segmentation
model with improved ECAPA-TDNN embeddings.

FE. Ilustrative Example

An audio file from the development set (file ID: B034.wav,
duration=00:30:20) is chosen to compare the impact of seg-
mentation outputs on the overall DER. Figure 6 shows the
details of the segmention outputs and the diarized outputs
obtained for different diarization pipelines.

The impact of DER is studied under three below categories
of speaker diarization pipeline:

e Pre-trained PyAnnote pipeline: This method is designed
to identify an active local speaker at nearly every time
instance. However, it brings about a increase in false
alarms, thereby increasing the DER in a multilingual
scenario. The DER obtained for this illustrative example
is 27.18% as shown in Figure 6 (i).

o Finetuned segmentation model: In this approach, adapta-
tion to speaker changes is achieved based on the multilin-
gual corpus. It exhibits a gradual reduction in false alarms
and miss detection over time, showcasing enhanced effec-
tiveness compared to the pre-trained method. The DER
associated with this strategy is 24.11% as shown in Figure
6 (ii).

o Finetuned segmentation model with proposed clustering
initialization: Similar to the finetuned stage, this method
preserves the capacity to adjust to speaker changes
utilizing the multilingual corpus. Despite retaining the
instances of false alarms and miss detections, the pro-
posed clustering initialization enhances the discrimination
of ecapa-tdnn embeddings, thereby minimizing speaker
confusions. The corresponding DER for this method is
21.96% as shown in Figure 6 (iii).

Out of 35 utterances in the development set, we observed
that there are 28 utterances where the DER of the pro-
posed method shows improvement as compared to that of
the baseline. However, the remaining 7 utterances served as
negative examples. We observed that these utterances had

small duration speaker turns and the speakers sounded almost
similar in nature in the conversation. Due to this, the embed-
dings are probably smoothened out in the proposed clustering
initialization. As a result, the DER slighlty dropped in some
of these utterances. The process of explicitly utilizing the
statistical features that can add more discriminative power is
considered as one of the future scopes of our work.

V. CONCLUSION

The Pyannote system is a robust solution for speaker
diarization, offering local speaker segmentation, embedding
extraction, and clustering. Our work specifically enhances the
local speaker segmentation model for multilingual contexts
and refines speaker embedding by analyzing pairwise cor-
relations between the ECAPA-TDNN embeddings generated
from the speaker embedding model. Improving the speaker
embeddings with the average of all the highly correlated
embeddings improves the speaker representation which can
be seen as a complementary method to the cosine distance
used in the Global Agglomerative Clustering. We evaluated our
method on the first track of the second DISPLACE challenge,
which focuses on multilingual speaker diarization. We observe
a relative improvement of 3% with our proposed clustering.
By fine-tuning the speaker segmentation model and applying
our initialization, we achieved an 8% relative improvement in
DER compared to the DISPLACE-2 baseline and the Pyannote
system.
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