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Speaker-conditioned U-shaped Diarization with
Speaker Extraction-guided Enhancement

Ngoc Thuan Tran, Ngoc Chau Hoang, and Quoc Cuong Nguyen

Abstract—Speaker diarization demarcates speech segments by
speaker, answering the question ‘“who spoke when?””. Recently,
a promising approach has emerged by integrating speaker
diarization with speech separation or speaker extraction, which
offers better generalization and requires significantly less pre-
training data. Despite this progress, efficiently aligning speaker
extraction with the inherent requirements of diarization remains
a key challenge. In this paper, we introduce a novel joint
network, Speaker-conditioned U-shaped Diarization with Speaker
Extraction-guided Enhancement (SUDx), which leverages the U-
net architecture and exploits hierarchical speaker representation
to enhance the performance of speaker diarization. In addition,
SUDx does not rely on explicit speaker identity labels for su-
pervision, allowing it to learn distinctive acoustic characteristics
and adapt easily to real-recorded multi-speaker conversations.
Furthermore, we introduce a novel inference strategy that
effectively handles unknown number of speakers and reduces
reliance on large-scale pretraining data. We show that SUDx
outperforms competitive baselines for speaker diarization while
keep extracting quality speech on the LibriMix dataset. We
further assess our proposed approach and our novel strategy on
the AMI and AISHELL-4 meeting corpora, experimental results
indicate that our model achieved state-of-the-art performance
with much less pretraining data.

Index Terms—speaker extraction, speaker diarization, mul-
titalker scenario, LibriMix, AMI

I. INTRODUCTION

PEAKER diarization plays an important role in a variety

of real-world applications. The well-known combination
of it and other speech processing systems, such as automatic
speech recognition, serves as the foundation for tasks that in-
volve noting or tracking events in multi-talker scenarios. These
scenarios span a wide range of domains, including telephone
[1]], [2], broadcast news [3[], meetings [4]|—[6] or social events
[7]]. Specifically, speaker diarization aims to estimate speaker
speech activities from an input audio, answering the question
“who spoke when?” [8[], [9].

A traditional approach for speaker diarization task is
clustering-based method [?2], [[10]], [11]], which treats the prob-
lem as a cascade of modular components. The objective in
this paradigm is to optimize each individual component to
improve the overall system performance. Although this design
is easy to train and naturally handles the unknown number of
speakers, it fails to address overlapping speech, which happens
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commonly in conversational settings, due to the assumption
that only one speaker is active at a time. Among modern
attempts, two notable approaches have emerged: End-to-End
Neural Diarization (EEND) [12]-[[14]], and Target Speaker
Voice Activity Detection (TS-VAD) [15]]. EEND reformulates
speaker diarization as a frame-wise multi-label classification
problem, enabling the model to handle overlapping speech by
predicting multiple active speakers at each time frame. TS-
VAD adopts a similar frame-wise prediction framework but
conditions the output on target speaker embeddings, which
serve as references for detecting the activity of specific speak-
ers. Despite achieving remarkable results and establishing a
solid position, these methods typically require large amounts
of pretraining data and struggle to handle the variable number
of speakers as flexibly as traditional approaches [12], [13],
[16].

Besides addressing speaker diarization in isolation, several
studies have explored the interaction between speaker diariza-
tion and speech separation [16]-[18]. This integration can
be approached using either multi-stage [18] or joint training
models [16], [[17]. These works show that diarization and sepa-
ration are complementary, which leads to better generalization
[17], [19]. More recently, USED [19] investigates the integra-
tion of speaker diarization and target speaker extraction (TSE).
This framework is built upon the architectures of SpEx+ [20]]
and TS-VAD [[15]], but accepts raw speech as reference inputs
rather than pre-computed speaker embeddings. Specifically, it
employs a Speaker Encoder to generate speaker embeddings,
which are then integrated with a Separator module to disentan-
gle speakers and simultaneously produce both diarization and
separation outputs. As a result, USED has achieved state-of-
the-art performance for both speaker diarization and speaker
extraction tasks with significantly less pretraining data.

Although the combined approach of speaker diarization with
speech separation or speaker extraction has achieved notable
results, we argue that an efficient method that aligns with the
nature of the diarization task remains underexplored in such
integration settings. USED adapted the Separator module from
SpEx+, employing multiple Temporal Convolutional Network
(TCN) blocks that operate at a fine temporal resolution for
both speaker diarization and extraction. Yet, while speech
separation and speaker extraction need this fine-grained signal-
level output, speaker diarization works at a coarser resolu-
tion and doesn’t benefit from such precision. Moreover, the
Speaker Encoder in USED represents each speaker using a
single fixed-dimensional embedding vector that summarizes
the entire speaker’s characteristics, which limits the repre-
sentation capacity and poses challenges for the separation
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process to effectively utilize the encoded information. Another
limitation is that USED requires explicit speaker identity
labels for supervising the Speaker Encoder following [21],
[22] to learn a highly discriminative embedding to separate
speaker identities. While this identity-driven approach ensures
a highly discriminative embedding for speaker separation,
it inherently prioritizes classification features over the rich,
distinctive acoustic properties of speakers - a capability that
is essential for effective TSE.

Along with modern diarization approaches come inference
pipelines. In [15], Medennikov et al. proposed to estimate
target speaker embeddings based on initial diarization results
from clustering-based methods before applying TS-VAD. Be-
cause TS-VAD requires a fixed maximum number of speak-
ers, [23|] introduces a simple strategy for variable speaker
scenarios: discard extra speakers if over the limit, and pad
with dummy embeddings otherwise. However, selecting an
appropriate limit requires prior knowledge of dataset-specific
characteristics, which is impractical for real-world inference.
In contrast, [24] proposes the best of both worlds (BoBW)
principle that operates on short chunks with a predefined
number of speakers, which is chosen reliably using statistics.

In this work, we propose Speaker-conditioned U-shaped
Diarization with Speaker Extraction-guided Enhancement
(SUDx), which seamlessly integrates speaker extraction within
a framework specifically designed for speaker diarization.
Specifically, we propose a speaker-conditioned approach for
both speaker diarization and target speaker extraction. By
discarding explicit identity supervision, our speaker encoder is
optimized to capture distinctive acoustic characteristics specif-
ically to guide the main network. This design choice aligns the
speaker encoder’s function with that of TSE models [17], [25]],
prioritizing features most helpful for the extraction process.
Next, we adopt the U-net architecture to bridge the resolution
gap between diarization and extraction outputs. Our design
also incorporates hierarchical speaker representation, which
progressively integrates reference features layer-by-layer into
mixture representations to disentangle speakers. To handle an
unknown number of speakers and overlapping speech, we
propose a novel chunk-based inference strategy. Inspired by
BoBW principle: by dividing audio into sufficiently small
chunks, the maximum number of speakers per chunk can be re-
liably chosen from data statistics rather than prior knowledge,
thereby reducing the need for large pretraining datasets and
dataset-specific tuning. For evaluation, the LibriMix dataset
[26] is used to assess the effectiveness of SUDx in addressing
both speaker diarization and target speaker extraction. To fur-
ther evaluate diarization performance, we conduct additional
experiments on AMI [3]], a real-world meeting dataset, under
both near-field and far-field settings, as well as on AISHELL-
4 [27], a diverse real Mandarin conferencing corpus. Our
experimental results show that SUDx achieves state-of-the-
art speaker diarization performance even with limited train-
ing data, making it highly promising for various real-world
applications.

The remainder of this paper is structured as follows. In
section [[I, we review related works on speaker diarization as
well as speaker diarization pipelines. Section [lII| describes the

proposed methodology in detail. In section we present
dataset information and experimental setups. Section |V| pro-
vides experimental results and analysis. Section |VI| concludes
this paper.

II. RELATED WORKS
A. Speaker Diariziation

Traditional speaker diarization decomposes the task into
a sequence of subtasks, such as Speech Activity Detection
(SAD), Speech Segmentation, Speaker Embedding Extrac-
tion, and Clustering. Most efforts have focused on improv-
ing speaker representation and clustering. Various speaker
representations have been explored, including i-vector [28]],
[29], x-vector [30]-[32]], and d-vector [2], [33]]. For clustering,
agglomerative hierarchical clustering (AHC) [1f], [11]], [34] and
spectral clustering [2]], [35]] are commonly used. By assuming
each segment contains only one speaker, traditional methods
fail when speakers overlap. Moreover, the cascaded nature of
these systems raises the error propagation problem, resulting
in suboptimal performance.

To overcome the limitations of traditional diarization sys-
tems, EEND approach was proposed [[12], [[13]]. EEND directly
predicts frame-level speech activities for each speaker from
acoustic features and is trained using permutation-invariant
training (PIT) loss [12], [36]. Thanks to the self-attention
mechanism, EEND outperforms clustering-based methods and
achieves state-of-the-art performance, making self-attention
the de facto choice for EEND models. However, early ver-
sions of EEND require fixing the number of speakers. To
address this, several EEND variants have been developed.
SC-EEND [37] decodes speakers one-by-one until a stopping
condition is met, while EEND-EDA [14] generates speaker-
wise attractors using an LSTM-based encoder-decoder. [38]—
[41]] continuously developed EEND-EDA by introducing non-
autoregressive attractor schemes. While EEND models per-
form well on short recordings, handling long recordings (e.g.,
longer than 10 minutes) remains challenging. Processing long
sequences as a whole is often impractical due to high memory
requirements and limited generalization. A common solution
is to split recordings into shorter chunks. In this case, EEND
models may suffer from the inter-block label permutation
problem, which arises from the PIT training objective treating
speaker labels as interchangeable within each chunk. Rec-
ognizing the complementarity between clustering-based and
EEND methods, Kinoshita et al. [21]], [22]] proposed EEND-
VC, a hybrid approach that applies EEND to short chunks and
uses speaker embeddings with clustering to stitch the results.
This framework has inspired subsequent models [16], [24],
[42], [43]], which have further advanced the performance and
established themselves as competitive solutions for speaker
diarization.

Another effective approach for handling overlapping speech
is TS-VAD [15]. Like EEND, TS-VAD performs frame-level
prediction of speech activity, but leverages speaker embed-
dings (e.g., i-vectors, x-vectors) as auxiliary inputs. This
design frees TS-VAD from the label permutation problem.
However, it requires the number of speakers to be known
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in advance. To address this, several extensions have been
proposed. Notably, [44], [45] replaces LSTMs with Trans-
formers applied along the speaker axis, allowing the model
to process varying numbers of speakers. Nevertheless, the
performance of TS-VAD is highly dependent on the quality
of speaker embeddings. To mitigate this, recent works such as
[46], [47]] introduced dictionary learning with more reliable
speaker embeddings. Alternatively, [19] integrates TS-VAD
with speaker extraction using reference speech instead of
speaker embeddings.

On the other hand, several studies have explored the inte-
gration of speaker diarization and speech separation [[16]—[18]].
TS-SEP [18] introduces a two-stage framework in which the
model is first pretrained with the TS-VAD objective, followed
by finetuning to optimize the separation task. In contrast,
EEND-SS [17] proposes a joint end-to-end model that simul-
taneously optimizes both tasks via multi-task learning. PixIT
[16] jointly trains speech separation and speaker diarization
through the integration of PIT loss and MixIT loss [48].
More recently, USED [19] explores the integration of speaker
diarization and target speaker extraction and found that these
two tasks can efficently complement each other. This find-
ing highlights the promising potential of leveraging auxiliary
speaker extraction targets to enhance diarization performance.
Motivated by this insight, we propose a novel approach that
also incorporates speaker extraction, while preserving the
modeling characteristics found in EEND and TS-VAD.

B. Inference pipelines for speaker diarization

While clustering-based pipelines are quite straightforward,
pipelines of modern approaches, such as EEND or TS-VAD,
are more sophisticated. The original TS-VAD pipeline [[15] in-
volves multiple steps: initialization with an external diarization
systems, followed by several iterations of TS-VAD inference,
and final post-processing. This pipeline was further refined in
[23] to handle an unknown number of speakers by fixing the
number of speakers during training to /N. During inference, if
the estimated number of speakers N > N, the least frequent
N—-N speakers are discarded. If N < N, input is padded with
N — N i-vectors from the training set. For good performance,
N must be chosen sufficiently large and is dependent on the
characteristics of the dataset (e.g., N = 4 for AMI, N = 8§
for DIHARD) [23]], [46]. This setup requires prior knowledge
about the dataset and is impractical for real-world inference. In
addition, this also leads to large amounts of pretraining dateﬂ
as pretraining data grows with N. In contrast, the Best-of-
Both-Worlds (BoBW) principle [21]], [22]] used in EEND-VC
is more practical. BOBW segments long recordings into shorter
chunks, applies EEND to each chunk, and stitches the outputs
using speaker embeddings and unsupervised clustering. Bredin
et al. [24] further advanced this strategy by using much shorter
overlapping windows (i.e., 5s chunk with 500ms step). This
design makes it more reliable to set an upper bound on
the number of speakers per chunk (e.g., 99% of 5s chunks

"Here, “pretraining data” refers to out-of-domain supervised data used to
train the model for the intended task (speaker diarization), and does not refer
to self-supervised pretraining.

contain no more than 3 speakers [43]]), significantly reducing
dependence on extensive pretraining data typically required by
fully end-to-end methods [13]], [14], [39]-[41]. This inspired
us to propose a novel inference strategy, which extends the
approach of [23]] for our new framework.

III. PROPOSED APPROACH
A. Task Definition

Let x(t), with ¢ € [0,7;], denote a multi-talker speech
mixture where it is assumed that the maximum number of
concurrently active speakers is bounded by m. The mixture
can be modeled as:

m
o(t) =Y ci(t) + n(t) (1)
i=1
where ¢;(t) represents the clean speech signal corresponding to
speaker ¢, and n(t) denotes additive background noise. If fewer
than m speakers are present in the mixture, the corresponding
¢i(t) terms are assumed to be zero-valued (i.e., silent).

Let r;(t), with ¢ € [0,7,,] and ¢ = 1,...,] be a set of
reference signals for subset of speakers, where [ < m. These
references can be obtained either directly via an enrollment
phase or indirectly from the non-overlapping regions of the
mixture x(¢) using an initial diarization step (e.g., clustering-
based methods).

We define a joint speaker diarization and extraction system
f() as follows:

(Y, B) = f (2, {ri}izs) 2)
where:

e Y € {0,1}*Edaiar is the frame-wise speech activities,
with Y, ; = 1 indicating that speaker ¢ is active at
diarization frame ¢, and 0 otherwise. Lg4;, represents the
total number of diarization frames.

o E € R*T= contains the extracted speech signals, where
each row corresponds to the estimated clean speech of a
speaker associated with the provided reference signals.

B. System Overview

The overall SUDx model is illustrated in Fig. [I] The
input to the framework includes a speech mixture and speech
references.

To enable the model to handle a variable number of speak-
ers, we introduce the Speech Assignment Module. All pro-
vided references are treated as active speech, while unexpected
signals (e.g., silence or speech from non-target speakers)
are buffered to accommodate a predefined maximum number
of speakers. The weight-shared Speech Encoder transforms
both the speech mixture and the selected references into
high-resolution, spectrum-like representations. Subsequently,
a series of downsampling blocks are employed to reduce the
temporal resolution, resulting in higher-level speech feature
representations. In parallel, the Multi-scale Feature Extraction
Module hierarchically extracts features from the reference
signals and integrates them with the mixture representations
to progressively support speaker separation.
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At the bottleneck, the Fusion Module utilizes final speaker
embeddings from the Multi-scale Feature Extraction Module
for refining the mixture representation into a more discrimina-
tive latent space. The Separator Module subsequently operates
at this level to isolate individual speaker components within
the mixture, producing both intermediate outputs and speaker-
specific representations

Speaker speech activity is predicted from the intermediate
outputs. Meanwhile, the speaker-specific representations are
upsampled through a series of upsampling blocks to esti-
mate separation masks, which are subsequently multiplied
with the mixture’s spectrum-like features to produce mod-
ulated responses. Finally, the Speech Decoder reconstructs
the separated speech signals from these modulated responses.
The extraction outputs are further refined using diarization
information via the Interaction Module, as introduced in [19].

C. Speech Assigment Module

Speech Assignment Module (SAM) enables the model to
handle a variable number of speakers and enhances the model’s
robustness. All provided references are treated as active
speeches. To maintain consistency in input dimensionality,
SAM assumes a fixed number of speaker slots, denoted by
k. If the number of given references is smaller than k, the
remaining slots are filled with dummy speech references.

These dummy references are determined based on a decision
threshold p, and fall into one of two categories: (1) learnable
zero speech (i.e., a learnable speaker embedding broadcast
over time), or (2) speech from speakers not present in the
mixture. In addition to the k references, an extra k + 1-th
reference is introduced and always assigned to zero speech.
This further strengthens the model’s ability to distinguish
between active and inactive speakers.

During training, dummy references are supervised to pro-
duce silence. To prevent the model from overfitting to specific
speaker orders and to improve its robustness, we apply speaker
order shuffling across first k references. During inference, if
the number of actual speakers is less than k, the remaining
slots are automatically filled with zero speech. The details of
SAM are shown in Algorithm [I]

D. Multi-scale Feature Extraction Module

The Multi-scale Feature Extraction Module is designed to
capture speaker-related information across multiple temporal
resolutions, which are combined with hierarchical representa-
tions of the mixture to progressively separate speakers. The
core of this module is a series of downsampling blocks.

Downsampling and upsampling are integral components
of the U-net based architecture. Through empirical observa-
tion, we found that, in addition to the Fusion Module and
Separator Module, these components have substantial impact
on overall system performance. Therefore, we adopted the
Residual Downsampling and Residual Upsampling concept
from [49], which achieved remarkable performance on the
speech enhancement task (see Fig. [2)). In this design, dilated
convolutions are employed to increase the receptive field,
while residual connections help mitigate information loss
during temporal compression.

Our system incorporates two downsampling branches: one
for the noisy mixture and one for the reference signals (Multi-
scale Feature Extraction Module). This design serves two
main purposes. First, it aims to extract multi-level features
from the speech references, which are then combined with
the downsampled mixture representations to separate speaker
progressively. This hierarchical speaker representation has
been validated for effective detaching speakers and become
a common trend in recent state-of-the-art TSE models [50]—



IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING,

Algorithm 1: Speech Assignment Algorithm

Data:

k: Number of speaker slots

Saui: Set of all speakers

Senroti: Set of enrollment speakers

zg: Learnable zero speech

p-: Probability to use zero speech as input

// List of active, dummy speech signals

Iact71dum <~ [ ]7 [ ];

// Number of input speech signals

2 count < 0;

/* Accept all given references as active speech
signals */

for s in Senron do

Iact~add(zs);

count < count + 1;

[

X B W

end
/* Adding dummpy speech references */
while count < k do
if is training then
| p~U0,1];
10 else
1 | p+0;
12 end
13 if p > p. then
// Randomly select a speaker not in the
current mixture

e 3

14 Sot ™~ u[Sall \ Senroll];
15 Lgum.add(zs,,);

16 else

17 | Tagum-add(zp);

18 end

19 count <+ count + 1;

20 end

21 Tgym.add(ze);
22 OlltPUt: Tact, Taum

[52]. By capturing features across multiple scales, the model
can encode speaker characteristics more diversely and effi-
ciently than relying solely on a single representation. Sec-
ond, our design serves to reduce the temporal resolution,
thereby yielding more compact and abstract representations.
By lowering temporal granularity, we emphasize high-level,
speaker-specific features, rather than fine-grained, transient
details. These lower-resolution representations are well-suited
for speaker diarization, as the task prioritizes distinguishing
consistent speaker identities over precise temporal accuracy.
Before downsampling, the spectrum-like features from the
Speech Encoder are first passed through Layer Normalization,
followed by a point-wise convolutional (1 x 1 CNN) layer.

The multi-scale speaker features of the Multi-scale Feature
Extraction Module are obtained by applying average pooling
along the time dimension to the outputs of the downsampling
blocks. These embeddings are then concatenated with mixture
representations at the corresponding levels, which we name
as Pyramidal Fusion. To obtain more discriminative speaker
embeddings, we further apply an additional downsampling
block, followed by a 1 x 1 CNN layer, on top of the previous
reference representations. These final speaker embeddings are
used as auxiliary inputs for the Fusion Module.

The high-level representations of mixture are fed into
bottleneck modules (i.e., the Fusion Module and Separator

ConvlD

Dilated-Conv Dilated-Conv

(a) Residual Downsample (b) Residual Upsample

Fig. 2. The internal structure of Residual Downsample and Upsample. BN,
PReLU, Dilated-Conv are batch normalization, parametric ReLU, and dilated
convolution. The symbol ¢ denotes element-wise addition.

Module). The output of the bottleneck stage is then upsampled
to restore the temporal resolution that was reduced during the
downsampling process. The residual upsampling block closely
mirrors the downsampling block, except the replacement of
the final one-dimensional convolutional (ConvlD) layer by
a one-dimensional transposed convolutional (ConvTranlD)
layer. Before each upsampling block, the input is formed by
concatenating the cached representation from the correspond-
ing downsampling block with the output of the previous block.

E. Fusion Module

The Fusion Module is designed to integrate the final speaker
features from the Multi-scale Feature Extraction Module with
high-level feature representation of the speech mixture. This
integration plays a critical role in guiding the model to
effectively separate individual speakers.

The mixture representation first passes through a Layer
Normalization step, followed by a 1 x 1 CNN layer. The
result then is fused with the input speaker embeddings and
processed by a stack of N, Fusion blocks. Each Fusion
block is composed of a Fusion Layer and a subsequent stack
of N; TCN Layers. Because the integration happens in the
bottleneck, we name this process Bottleneck Fusion.

Concatenation is a commonly adopted fusion strategy, as
seen in prior works such as [20], [53]]. However, [54]] suggests
that simple concatenation may lead to information overwhelm-
ing, thereby degrading performance. In our implementation,
we adopt the fusion mechanism proposed in [52]. The structure
of the Fusion layer is illustrated in Fig. [3a

TCNs are widely employed in speech separation and
speaker extraction tasks [20]], [55] due to their efficiency,
lower computational complexity, minimal memory require-
ments, faster in training and inference.

In our design, the TCN layers further refine the output of
the Fusion Layer, enhancing speaker separation. The structure
of TCN Layer is shown in Fig. We stack N; TCN layers
with exponential increasing dilation factor of 2", where n €
{1,...,N;}.
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iR

(a) Fusion Layer

(b) TCN Layer

Fig. 3. The internal structure of Fusion layer and TCN layer. PReLU, gLN
and D-Conv are parametric ReLU, global layer normalization and dilated
depth-wise separable convolution. E denotes the speaker representation, and X
represents the mixture representation. The symbols & and ® denote element-
wise addition and element-wise multiplication.

F. Separator Module

The Separator Module is responsible for isolating individual
speakers based on the output produced by the Fusion Module.
Its function is analogous to the separator modules used in
conventional speech separation systems [55]—[57]], which aim
to isolate speakers using learned basis representations.

In our approach, the fused output from the Fusion Module is
first passed through a 1 x 1 CNN layer. This layer concatenates
k+1 representations along the channel dimension and projects
it into a latent space of basis functions. Following this, we
apply a stack of N, TCN Block, each composed of N; + 1
TCN Layer with increasing dilation factors of 2", where
n € {0,...,N;}. These stacked blocks iteratively refine the
representation, producing intermediate outputs { Ry, ..., Ry, }.
These intermediate representations serve as input for predict-
ing speaker speech activity. Finally, the output of the last
TCN block, Ry,, is decoded via a 1 x 1 CNN layer into
k+1 separate streams for each speaker. These decoded streams
are subsequently upsampled to restore the temporal resolution
before being used to estimate the clean speech signals.

G. Loss Function

The diarization probability outputs are denoted as DI =
{Di,..,D]_ 1}, j=1,..., Ny, and the final extracted signals
are represented as § = {§1,...,8¢+1}, where each §;, =
{8}, 52,5} corresponds to the three time scales produced by
the Speech Decoder.

At inference time, only the diarization output from the
final block and only the first component of each final signals,
§' = {8],...,8, 1}, are utilized for prediction. The diarization
probability outputs from the final block, DV*, are subsequently
thresholded to obtain the frame-wise speech activity matrix Y.

1) Overall Loss Function: The total loss function com-
prises the speaker diarization loss and the speaker extraction
loss, formulated as:

L= Alﬁert + )\QEdiar (3)

where \; and )\, are weighting coefficients for the speaker
extraction loss and speaker diarization loss.

2) Speaker Extraction: We categorize training scenarios
into four distinct classes, following the taxonomy proposed
in [58]]: QQ (quiet-quiet), QS (quiet-speaking), SS (speaking-
speaking), and SQ (speaking-quiet). In these labels, the first
letter corresponds to the target speaker and the second to the
interfering speaker.

When the target speaker is quiet, the system minimizes the
SAD loss [58]], defined as:

3 .
87|
Ly = Z 104 logy (lTH + 6) 4

j=1

where T, is the duration of 47 in seconds, p; is the weight
of the j-th ConvTran1D output, and € is a small constant for
numerical stability, set to 1076,

Conversely, when the target speaker is speaking, the SI-
SDR loss [59] is used to evaluate the discrepancy between the
ground-truth speech s and extracted speech §:

s _ (&s)s
target ™ |s||?+e
J Y J
Cnoise — 8 — Starget ” ) ”2 (5)
— 3 X S{a?get,
Ls=-10 Zj:l Hj 10glO Hei'misc |2Jre te

Finally, the total speaker extraction loss is computed by
aggregating losses across all k& + 1 outputs, weighted by
scenario-specific coefficients (o, 3, 7y, and 6):

Ee;ct = m

k+1
! (Z alBP + BLES 4 L35 + 5£§?> 6)
i=1
3) Speaker Diarization: The binary cross-entropy (BCE)
loss has been demonstrated to be effective for training speaker
diarization systems, as shown in [[15]], [46]. We denote ,Cfﬁar
as the loss associated with the j-th output of the Diarization
Decoder, which is computed as:

|k
¥ _ diar 7

Laiar = 7577 ;:1: BCE (l/i 7Di) )

where y" represents the ground-truth speech activity label

for the ¢-th output.
The overall diarization loss is then obtained by summing
over all N, decoder outputs:

£diar = Zﬁfiiar ®)
j=1
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H. Proposed Inference Pipeline

Inspired by the BoBW concept, we introduce a novel,
simple, and effective inference strategy with a similar purpose.
Unlike the original BoBW [22], [24], which was proposed
for EEND systems and follows a multi-stage process of
local diarization followed by global clustering, our pipeline
adopts the opposite order—clustering first, then diarization—
following the principles of [15]], [23] and is applicable to TS-
VAD systems. However, compared with the current inference
pipelines, which are highly dataset-dependent and require large
amounts of pretraining data, our approach incorporates several
enhancements, including the use of small chunk sizes bor-
rowed from BoBW, to reduce dataset dependency and alleviate
the need for extensive pretraining. The strategy proceeds as
follows:

1) Initial Diarization: Generate initial diarization results
using an external system (e.g., clustering-based meth-
ods)

2) Embeddings/References Extraction: Base on the esti-
mated speaker activity, extract speaker embeddings or
speech reference for each predicted speaker

3) Chunking: Segment the conversation into overlapping
chunks using a sliding window of size L,, and step
size Ls. The chunking strategy should ensure that most
chunks contain no more than the assumed maximum
number of speakers (e.g., 99% of 5-second chunks
contain no more than 3 speakers [43])

4) Chunk Filtering and Merging: Discard any chunks
that contain no active speakers. Merge adjacent chunks
when their combined speaker count does not exceed the
maximum allowed. Limit the total duration of merged
chunks using a hyperparameter L.

5) Local Diarization Inference: Apply model based TS-
VAD on each valid chunk

6) Final aggregation and Post-processing: Stitch the
chunk-level results into a continuous diarization output.
Apply post-processing techniques such as filtering, dele-
tion of short segments shorter than §, and concatenation
of short pauses shorter than A

IV. EXPERIMETAL SETUP
A. Dataset

We conduct evaluations of our model on two benchmark
datasets. To simultaneously assess speaker diarization and
speaker extraction, we use LibriMix, which is simulated. For
validating the effectiveness of the proposed network and our
novel inference strategy, we use AMI, a real meeting corpus.

1) LibriMix: The LibriMix dataset [26] is a publicly avail-
able benchmark designed to support a variety of speech
processing tasks, including speech separation, speaker extrac-
tion, and speaker diarization. It is constructed by combining
clean speech segments from the LibriSpeech corpus with
background noise from the WHAM! dataset, all resampled to
16 kHz. LibriMix includes two main configurations: Libri2Mix
and Libri3Mix. The Libri2Mix 100h and Libri3Mix 100h
subsets are derived from the train-clean-100 and test-clean
portions of LibriSpeech, containing 58h/11h/11h (2 speakers)

and 40h/11h/11h (3 speakers) for training, validation, and
testing, respectively.

Two mixing modes are provided: min mode (ending at the
shortest utterance) and max mode (padding shorter utterances
to match the longest). We conducted our experiments using the
max mode, as it is more suitable for both speaker diarization
and speaker extraction tasks. To ensure fair comparison with
previous studies and maintain compatibility with the speaker
extraction task, we adopted the data split /| used in [[19].

2) AMI: To evaluate our model under realistic conversa-
tional conditions, we utilize the AMI Meeting Corpus [5],
a well-established benchmark in the domain of speaker di-
arization and multimodal meeting analysis. AMI captures the
acoustic and linguistic variability typical of everyday dialogue,
where overlapping speech, room acoustics, and non-native
accents challenge the limits of diarization systems. The corpus
spans approximately 100 hours of multi-party meeting record-
ings across 171 sessions, each involving 3 to 5 speakers. AMI
provides both close-talking audio, captured using lapel and
headset microphones, and far-field audio, recorded via tabletop
and ceiling-mounted microphone arrays. Two famous variants
of the AMI corpus are IHM (Individual Headset Microphone)
and SDM (Single Distant Microphone).

In this study, we followed the data split and annotation
protocols based on the full-corpus ASR partition [ﬂ This
split divides AMI into training, validation, and test sets with
approximate durations of 80 hours, 10 hours, and 9 hours,
respectively. Our proposed model is first pretrained on the
LibriMix, as introduced in the previous subsection, and is
then fine-tuned on the AMI training set. During inference,
we follow our proposed principle. Speech references can be
extracted based on the initial diarization results produced by
a clustering-based model. This initial diarization is obtained
through the combination of a pretrained ECAPA-TDNN [60],
trained on the VoxCeleb2 dataset [61] E], and the Spectral
Clustering algorithm implemented in the SpeechBrain toolkit
[62]].

Although the AMI corpus includes headset recordings that
could be used for speech separation, in this work, we only
employ the AMI diarization annotations for fine-tuning our
model.

3) AISHELL-4: To further evaluate our system in com-
plex, real-world conversational environments, we utilize the
AISHELL-4 dataset [27]], a sizable, real-recorded Mandarin
speech corpus collected for the conference scenario. The
corpus consists of 120 hours of recorded meeting sessions
(211 sessions total), with each session involving 4 to 8
participants. Data collection was performed across 10 real
conference venues of varying sizes—categorized as small,
medium, and large—using an 8-channel circular microphone
array. AISHELL-4 provides realistic acoustics and rich natural
speech characteristics, including noise, quick speaker turns,
and a noticeable amount of speech overlap.

In this work, we adopt the provided training and evalua-
tion split. To obtain a single-channel input, all microphone

Zhttps://github.com/msinanyildirim/USED- splits
3https://github.com/BUTSpeechFIT/AMI-diarization-setup
4https://github.com/TaoRuijie/ECAPA-TDNN
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channels are mixed into one channel. The overall training and
inference pipeline follows the same procedure as described for
the AMI corpus.

B. SUDx Model Configuration

For evaluation on both the LibriMix dataset and the AMI
corpus, the maximum number of speakers k is set to 3.
The Speech Encoder and Decoder are designed following
a multi-scale architecture [20]. Specifically, three parallel
encoder—decoder branches are employed, each configured with
256 channels, kernel sizes of 20, 80, and 160, respectively,
and a uniform stride of 10. The mixture branch consists
of 3 downsampling blocks, with a symmetric number of
upsampling blocks in the decoder. The Multi-scale Feature
Extraction module follows the same architectural design as the
mixture branch, with an additional downsampling block. Both
downsampling and upsampling blocks use the same kernel size
of 3. The final convolutional layer applies a stride of 2, halving
the temporal resolution at each step. The dimensionality of the
final speaker embeddings of Multi-scale Extraction Module is
set to 256.

For the TCN, we configure N; as 7 and the number of blocks
Ny as 3. The convolutional layer used to generate diarization
outputs employs a kernel size of 4 and a stride of 2, with both
input and output channel dimensions set to 256. This channel
dimension is also shared by the three parallel 1 x 1 CNN
layers used to generate the separation masks. Additionally, the
convolutional layer in the multi-task interaction module uses
a kernel size of 3.

We follow prior studies [20], [S3]] in assigning the weights
for the multi-scale SI-SDR loss, setting 3 = 0.8, po = 0.1,
and psg = 0.1 for the high, middle, and low temporal resolu-
tions, respectively, as it was reported that the highest temporal
resolution yields the best performance. The loss weighting
coefficients o and (3 are both set to 0.001, while v and § are
set to 1.0. The overall loss is composed of speaker extraction
and diarization losses, with equal weighting \; = Ay = 1.0.
The probability to use zero speech as input p, is set to 0.3.

Training is performed using the Adam optimizer for 11
epochs on a single NVIDIA P100 GPU. Input utterances are
segmented into 4-second chunks with a 2-second shift. The
training batch size is 4. The learning rate is set to 10~4, which
is warmed up for the first 10% steps, and then decayed using
a polynomial schedule. For domain adaptation, the model is
fine-tuned on in-domain data using a fixed learning rate of
10~® to reduce the condition mismatch. The overall loss on
the validation set is used as the primary metric for model
checkpoint selection.

C. Evaluation metrics

We use Diarization Error Rate (DER (%)), including
Speaker Confusion (SC (%)), False Alarm (FA (%)), and
Missed Detection (MS (%)) to evaluate the Speaker Diariza-
tion performance. Forgiveness collar and median filtering are
set to 0 seconds and 11 frames for both LibriMix and AMI
corpus. We also assess the Scale-Invariant Signal-to-Distortion
Ratio improvement (SI-SDRi (dB)) for speaker extraction

performance. Higher SI-SDRi values indicate better source
reconstruction quality, while lower values of DER, SC, FA,
and MS reflect more accurate diarization performance.

V. EXPERIMENTAL RESULTS AND ANALYSIS
A. Ablation studies

We conduct ablation studies to evaluate the contribution
of several key components to the overall performance of the
model, as presented in Table m First, we add a speaker loss
to supervise the learning of global embeddings, a strategy
commonly adopted in TSE models [20]], [63]. Here, we add
a Linear layer on top of the final speaker embeddings from
the Multi-scale Feature Extraction Module to map the speaker
embedding dimension D, to the number of speakers in the
training set, then we use the Cross-Entropy loss with the
weight of 1 for supervision. Notably, adding the speaker loss
leads to a clear degradation in performance, both in diarization
(DER increases from 4.46% to 5.28%) and in source extraction
(SI-SDRi drops from 11.94dB to 11.42dB). This reduction in
performance can be attributed to the speaker loss, causing the
model to focus too much on speaker identity, potentially at the
expense of learning semantically meaningful representations.
These results suggest that the speaker loss may distract the
model from capturing the relevant speaker characteristics
needed for both diarization and source extraction. As a result,
the number of speaker confusion errors increases (0.18% to
0.25%), which negatively impacts performance across other
metrics. The hierarchical speaker representation also plays a
crucial role in the overall performance of the model. Their
multi-scale nature allows the network to progressively separate
speakers at different temporal resolutions, which facilitates
more effective detaching speakers compared to relying solely
on global features. Without other features (i.e., removing
Pyramidal Fusion), the performance noticeably degrade (DER
rises from 4.46% to 4.98%, and SI-SDRi drops from 11.94dB
to 11.57dB). Lastly, we investigate the effect of the U-shaped
architecture by removing both the downsampling and upsam-
pling blocks from the model. This results in a notable increase
in diarization error, while the source extraction performance
appears to improve slightly. We are going to investigate this
phenomenon further in the subsequent subsection.

TABLE I
ABLATION STUDY RESULTS ON THE LIBRIMIX DATASET MAX MODE. THE
BEST PERFORMANCE IS HIGHLIGHTED IN BOLD.

Model | DER| | MS+FA| SC| | SI-SDRit
SUDx | 446 | 4.28 018 | 11.94
+ Speaker Loss 5.28 5.03 0.25 11.42
- Pyramidal Fusion 4.98 4.79 0.19 11.57
- Downsample 5.50 5.15 0.35 11.95

B. Impact of the U-shaped architecture

To further investigate the impact of the U-shaped architec-
ture, we conduct a series of experiments by varying the number
of residual downsampling and upsampling blocks. To isolate



IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING,

the effect of the architecture itself, we disable the Pyramidal
Fusion. The same Multi-scale Feature Extraction Module is
used, with the number of downsampling blocks fixed at four,
and all other configurations follow those described in Section
To assist the global features in distinguishing between
speakers and maintain a consistent representation space across
experiments, we also incorporate the speaker loss with the
weight of 0.1. The results of these experiments are presented
in Table

As shown in Table Il} the diarization performance generally
improves as the number of downsampling blocks increases,
except for the case of 2 downsampling blocks. While the
extraction quality shows the opposite trend, highlighting the
importance of maintaining high temporal resolution. Indeed,
higher temporal resolution allows the model to capture fast
changes in the speech signal, which are crucial for effective
separation. When downsampling is applied, short-term features
may be lost, leading to reduced extraction performance. In
contrast, precise temporal resolution is less critical for the
diarization task, as the goal is to determine who spoke when,
rather than what was said. Consequently, the U-shaped ar-
chitecture becomes more suitable, as it allows the integration
of broader contextual information across time. Nonetheless,
the table also suggests that the number of downsampling
blocks must be appropriate to balance temporal resolution and
representational abstraction. Otherwise, it leads to suboptimal
results for both tasks, as seen in the case of two downsampling
blocks.

TABLE 11
MODEL PERFORMANCE ON THE LIBRIMIX DATASET MAX MODE WHEN
SETTING DIFFERENT NUMBER OF DOWNSAMPLING BLOCKS.

N.o. Downsample | DER| | MS+FA| SC| | SI-SDRit

1 5.26 5.00 0.26 12.19
2 5.33 5.08 0.25 11.76
3 4.89 4.63 0.25 11.69
4 4.83 4.59 0.24 11.69

C. Impact of the hierarchical speaker representation

As mentioned, SUDx integrates multi-scale speaker features
with mixture representations via two fusion mechanisms:
Pyramidal Fusion, which operates on embeddings during the
downsampling process, and Bottleneck Fusion, which utilizes
the final speaker embeddings from the Multi-Scale Feature
Extraction Module. To evaluate the contribution of each, we
isolate and assess them independently, as shown in Table
The results indicate that both fusion strategies play an impor-
tant role, with Pyramidal Fusion having a more pronounced
impact. When combining them, diarization accuracy improves,
while extraction quality slightly declines. The decrease of DER
indicates the effectiveness of integration speaker embeddings
at multi levels. Meanwhile, the slight decrease in SI-SDRi
is also explainable: when using only Pyramidal Fusion, the
Fusion Module indirectly acts as an additional Separator
Module, thereby enhancing the separation quality.

9
TABLE III

IMPACT OF DIFFERENT FUSION MECHANISMS ON THE LIBRIMIX DATASET
MAX MODE.

Fusion | DER| | MS+FA| SC| | SI-SDRit
Pyramidal 4.53 434 0.19 12.08
Bottleneck 4.98 4.79 0.19 11.57

Pyramidal + Bottleneck 4.46 4.28 0.18 11.94

D. Comparison with other state-of-the-art methods

1) Results on LibriMix: To confirm the effectiveness of
our proposed architecture on both diarization and speaker
extraction tasks, we compare its performance with several
state-of-the-art systems on the LibriMix dataset in the max
mode setting, which is identical experimental conditions, fol-
lowing the same evaluation protocol and baseline setup as
[19]. The baselines include HuBERT BASE [65]] and wav2vec
2.0 BASE [64], two self-supervised learning models from
the SUPERB diarization task [66], TS-VAD [15] and SpeX+
[20], representing strong baselines for speaker diarization and
extraction, respectively. In addition, USED-F [19]], which has
demonstrated superior performance across both tasks, is also
included for comparison. Table presents our comparison
using DER, including MS, FA, and SC, along with the SI-
SDRi metric.

As can be seen, our proposed model outperforms almost
all baseline methods across the evaluation metrics, except for
the SI-SDRi score (11.94dB vs. 12.70dB of USED-F) and
the FA score (2.18% vs. 2.16 of USED-F). Because FA is
quite correlated with MS, these numbers usually change in
two different directions when the threshold changes, we used
the sum FA and MS instead. We can see that our model slightly
outperforms USED-F in MS+FA. A notable result is the SC
value, which has nearly 50% relative improvement over the
lowest. The lower SC indicates that the model is more effective
at distinguishing between speakers, which provides a strong
foundation for potential improvements in speaker extraction
quality. This phenomenon demonstrates the effectiveness of
using the U-shaped architecture and the hierarchical speaker
representation for the diarization task.

We also compare our model with USED-F on the speaker
diarization task in isolation by disabling the extraction module
(i.e., setting A; to 0). The results are reported in Table [V| Our
model continuously outperforms USED-F by a significant mar-
gin even without the support of the extraction module. These
findings further validate the effectiveness of our architectural
design for speaker diarization. In addition, the performance
difference between the full model and its diarization-only
variant highlights the pivotal role of the extraction module
in supporting the diarization task.

2) Results on AMI-IHM: For real data, unlike [19], which
was evaluated on the CALLHOME [67] telephone dataset,
we opt for AMI corpus, a realistic and challenging meet-
ing corpus. Our baselines include traditional clustering-based
model, VBx [40], fully end-to-end models like EEND [68]],
EEND-EDA [68]], DiaPer [40|], and hybrid approaches from
the PyAnnote series [24]], [43]. For clarity, information not
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TABLE IV
COMPARISON WITH STATE-OF-THE-ARTS ON THE LIBRIMIX DATASET MAX MODE. THE RESULTS OF BASELINE SYSTEMS ARE TAKEN FROM [|19]].
“PARAMS” REFERS TO THE NUMBER OF PARAMETERS COUNTED IN MILIONS (M).

Model | Params | DER| | MS+FAl | MS, FAl SC| | SI-SDRif
wav2vec 2.0 BASE [64] 95 7.62 7.10 2.28 4.82 0.52 N/A
HuBERT BASE [63] 95 7.56 7.21 240 481 035 N/A
TS-VAD [15]| 39.50 7.28 6.39 3.61 2.78 0.89 N/A
SpEx+ [20] | 1635 | NA | NA | NA NA NA| 906
USED-F [19] | 2312 | 475 | 434 | 218 216 042 | 1270
SUDx | 2083 | 446 | 428 | 210 218 0.8 | 1194
TABLE V over 100 times less simulation data compared to full end-

COMPARISON WITH USED-F [19]] FOR THE SPEAKER DIARIZATION TASK
ONLY (ONLY SD) ON THE LIBRIMIX DATASET MAX MODE. THE
UNDERLINE INDICATES THE BEST DER AMONG ONLY SD MODELS.

Model | DERL | MS| FAl sCl
USED-F 475 | 218 216 042
USED-F (Only SD) |  6.43 - - -
SUDx 446 | 210 218 018
SUDx (Only SD) 563 | 257 280 026

explicitly reported in the original papers is omitted. Among
these baselines, the PyAnnote models are conceptually closest
to our work because of the BoBW principle. For further
demonstration of the effectiveness of our model, we modify
our network and create a USED-F-like model by simply
removing the downsample and upsample blocks, then replac-
ing the Multi-scale Feature Extractor Module with a speaker
encoder consisting of several ResNet blocks, as described in
[19]. We also apply our inference strategy to USED-F during
evaluation. Experiments are shown in Table

We start by using ECAPA-TDN and Spectral Clustering as
our initial diarization results. We can see very clearly that the
traditional approach performs poorly on corpora with high lev-
els of overlapping speech, yielding a large number of FA+MS.
This underscores the need for an effective refinement strategy
and a high-performance model for post-processing. To address
this, we applied our inference strategy to refine the initial
diarization outputs. As can be seen, adding refinement network
on top of the initial results greatly boosts performance (from
31.83% to 21.09% and 18.13% in USED-F-like and SUDx,
respectively). We can see that USED-F-like surpasses VBx and
all fully end-to-end methods. However, when comparing with
PyAnnote 2.1 and 3.1, USED-F-like still lags behind. While
our model already demonstrated superior speaker separation
performance on the LibriMix simulated dataset (SC of 0.18%
vs. 0.42% for USED-F), the gap widens further on real
conversational data (3.78% vs. 5.64%). This result highlights
the effectiveness of the hierarchical speaker representation
enables robust speaker assignment even with degraded or
imperfect reference signals. Our proposed model can easily
outperform nearly all baselines, except for the PyAnnote
3.1 with competitive performance (18.13% vs. 18.00%). It
is important to emphasize that our model was trained with

to-end approaches (98h vs. more than 10,000h), yet it still
significantly overshadows these methods (18.13% vs. 21.56%
of EEND-EDA). The PyAnnote series is well known for their
robustness, thanks to extensive pretraining on a real compound
dataset (e.g., DIHARD [69], and AMI [5]). Despite using
3-5 times less pretrained data and relying solely on simula-
tion data, our SUDx still considerably outperforms PyAnnote
2.1 and achieves comparable performance to PyAnnote 3.1.
These results confirm the effectiveness of the proposed U-
shaped architecture, hierarchical speaker representation, and
inference strategy. Together, they enable robust and accurate
speaker diarization in acoustically challenging conditions,
achieving state-of-the-art performance comparable to BoBW-
based methods.

3) Results on AMI-SDM: To evaluate model performance
under far-field conditions, we further conduct experiments on
the AMI-SDM variant, as reported in Table The proposed
SUDx consistently outperforms both traditional clustering-
based and fully end-to-end diarization models. However,
SUDx slightly underperforms the PyAnnote models, with a
small DER gap (25.09% vs. 22.9% for PyAnnote 3.1). It is
worth noting that SUDx is pretrained on a relatively small
amount of simulated data, whereas the PyAnnote series is
trained on larger compound of real-world datasets that also
include far-field data (e.g., AISHELL-4). Despite this data
disparity, SUDx achieves the lowest speaker confusion among
all systems, which aligns with its consistent performance
trends observed on both LibriMix and AMI datasets. These
results highlight the robustness and generalization capability
of the proposed speaker-conditioned framework, demonstrat-
ing its ability to effectively disentangle speakers even under
acoustically adverse far-field scenarios.

4) Results on AISHELL-4: The AISHELL dataset intro-
duces additional challenges for evaluating the robustness of
the proposed SUDx, including differences in language, a
larger number of speakers per session, and more diverse
acoustic conditions. The comparison results are summarized
in Table A trend similar to that observed on the AMI-
IHM set can be seen: SUDx consistently outperforms almost
all methods, including PyAnnote 2.1, and achieves competitive
performance with PyAnnote 3.1 (13.53% vs. 13.20%), while
demonstrating superior speaker separation capability (3.47%
vs. 6.60%). Remarkably, although SUDXx is pretrained on only
a small amount of simulated English data and employs an
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TABLE VI
COMPARISON WITH STATE-OF-THE-ARTS ON THE AMI HEADSET MIX (IHM) DATASET. SIM AND COM STAND FOR SIMULATION AND COMPOUND
RESPECTIVELY. SC* DENOTES SPECTRAL CLUSTERING TO AVOID CONFLICT WITH SC (SPEAKER CONFUSION).

Model | Pretraining Data | Datatype | DER| | MS+FA|  SC|
VAD+VBx+0SD [40] - N/A 22.42 - -
EEND [68] >10,000h sim 27.70 - -
EEND-EDA [68] >10,000h sim 21.56 - -
DiaPer [40] >10,000h sim 30.49 - -
PyAnnote 2.1 [24] 249h com 18.50 14.00 4.40
PyAnnote 3.1 [43] 509h com 18.00 - -
ECAPA-TDNN + SC* - N/A 31.83 29.18 2.55
+ USED-F-like 98h sim 21.09 15.45 5.64
+ SUDx 98h sim 18.13 14.35 3.78
TABLE VII TABLE IX

PERFORMANCE COMPARISON AGAINST STATE-OF-THE-ART SYSTEMS ON
THE AMI-SDM DATASET. PRETRAINING DATA AND DATA TYPES
ALREADY PRESENTED IN TABLE[VI]ARE OMITTED HERE FOR BREVITY.

Model \ DER| \ MS+FA| SCl

VAD+VBx+0SD [40] 34.61 - -

DiaPer [40] 50.97 - -

PyAnnote 2.1 [24] 22.20 16.00 6.20

PyAnnote 3.1 [43] 22.90 - -

SUDx \ 25.09 \ 20.17 4.92
TABLE VIII

EVALUATION RESULTS ON THE AISHELL-4 DATASET AGAINST
STATE-OF-THE-ART APPROACHES. PRETRAINING DATA AND DATA TYPES
ALREADY PRESENTED IN TABLE[VI|ARE OMITTED HERE FOR BREVITY.

Model ‘ DER| ‘ MS+FA] SCl
VAD+VBx+0SD [40] 15.84 - -
DiaPer [40] 31.30 - -
PyAnnote 2.1 [24] 14.50 7.90 6.60
PyAnnote 3.1 [43] 13.20 - -
SUDx \ 13.53 \ 10.06 3.47

English speaker embedding model, it generalizes effectively to
Mandarin speech. These findings further validate the effective-
ness of the proposed U-shaped architecture and hierarchical
speaker representations, demonstrating both robustness and
strong generalization across linguistically and acoustically
challenging far-field scenarios. In addition, the results also un-
derscore the practicality of our inference strategy for handling
an unknown number of speakers: even when trained with only
2-3 speakers, the model performs reliably on sessions with up
to 8 speakers, achieving state-of-the-art performance.

E. Novel inference strategy analysis

To further evaluate the effectiveness of the proposed
pipeline, we conduct an analysis, the results of which are
presented in Table [IX] The pipeline introduced in [23]] is used
as our baseline. Specifically, input recordings are chopped into
15s chunks, and SUDx is then applied to each chunk. The main
differences of the proposed pipeline from baseline are shorter
chunk size (i.e., 4s) and the inclusion of a merging step. If the

PERFORMANCE COMPARISON AND ABLATION ANALYSIS OF THE
PROPOSED INFERENCE STRATEGY ON THE AMI HEADSET MIX DATASET.

Pipeline | DER| | MS+FA| SC|
Pipeline of [23] | 1892 | 14.60 4.32
Proposed (w/o Merging) 20.03 16.85 3.18
Proposed 18.13 14.35 3.78

merging step in the proposed strategy is excluded, our pipeline
closely resembles that of the baseline.

Performance comparison over chunk size/merge size (L.)

—e— Baseline

215 —e— Proposed

DER (%)

15 20 25 30 35 40
Chunk size/Merge size (Lc) (s)

Fig. 4. Performance comparison between the baseline [23]] (red) with varying
chunk size and the proposed pipeline (blue) with varying merge size (L.) on
the AMI Headset Mix dataset.

We first compare the baseline configuration, which uses a
longer chunk size, with the proposed strategy that employs
shorter chunks without the merging step. Since most record-
ings in the AMI corpus have 4 speakers, which is close to
N = 3, the baseline performance is relatively strong. The
results in Table [[X| reveal that using shorter chunks leads to a
higher MS+FA (20.03% vs. 18.92%) compared to the baseline.
This indicates that short segments are more likely to miss
active speakers, particularly in the presence of overlapping
speech. On the other hand, shorter chunks yield a lower SC
(3.18% vs. 4.32%), suggesting improved control in tracking
speakers and avoiding redundant or incorrect assignments.
Applying the merging step (i.e., the full proposed pipeline)
with L. of 15s results in the best overall performance. This
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underscores the merging step as a crucial component that
effectively combines the strengths of both long and short
chunking strategies, while also highlighting its essential role
within the overall inference framework.

Fig. 4 shows the performance comparison between the base-
line and our proposed strategy with varying chunk sizes and
merge sizes. The proposed pipeline consistently outperforms
the baseline across various values of L., especially at larger
durations. The degradation in the baseline’s performance as
chunk size increases can be attributed to an inappropriate
choice of N. In contrast, the proposed method remains stable
and achieves significantly lower DER without depending on
the choice of N. These findings validate the effectiveness
and reliability of our proposed pipeline, demonstrating strong
performance while being less dependent on dataset-specific
characteristics.

VI. CONCLUSION

In this work, we propose SUDx, a speaker-conditioned
U-net based architecture that integrates hierarchical speaker
representation to jointly address speaker diarization and ex-
traction. Additionally, we introduce a novel inference pipeline,
allowing the model to handle unknown number of speakers
and reducing the need for large-scale pretraining data. The
experimental results show that our model achieved state-of-
the-art performance for speaker diarization while maintaining
quality speech extraction. Evaluation on real meeting corpora
further confirms the robustness of our approach and highlights
the potential of our proposed strategy as a new promising
pipeline for speaker diarization. Based on our experiments, we
hypothesize that a powerful separator module can compensate
for the extraction loss caused by the downsampling process.
In future work, we plan to validate this hypothesis to further
enhance both diarization and extraction performance.
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