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Efficient and Robust Speaker Diarization via
Structured Pruning of Self-Supervised Models

Jiangyu Han @, Petr Pélka, Marc Delcroix, Federico Landini ®, Johan Rohdin, Jan Cernocky, and Luka$ Burget

Abstract—This work presents a framework for compressing
self-supervised models for speaker diarization through structured
pruning guided by knowledge distillation. We investigate pruning
objectives that target reducing both model parameters and compu-
tational complexity, where knowledge distillation enables compact
models and pruning removes unnecessary parameters to improve
hardware efficiency. We further analyze alternative pruning strate-
gies, showing that a simple overall pruning approach provides the
best balance between efficiency and accuracy. Compared to the
original unpruned model, our method achieves up to 80% model
size reduction and 4x faster inference without performance degra-
dation. Comprehensive experiments across eight public diarization
datasets demonstrate that the pruned models consistently match
or surpass the performance of their uncompressed counterparts.
Furthermore, we show strong out-of-domain generalization on
the CHiME-6 dataset, achieving accuracy comparable to the top
systems in the CHiME-7 challenge without any domain adaptation.
These results highlight that structured pruning, when guided by
distillation, can yield efficient and generalizable diarization systems
suitable for real-world applications.

Index Terms—Speaker diarization, WavLM, model compre-
ssion, knowledge distillation, structured pruning.

1. INTRODUCTION

UNDERSTANDING multi-speaker conversations requires
identifying when each person is speaking and attributing speech
segments to the correct speaker—a task known as speaker
diarization. In recent years, pre-trained self-supervised learn-
ing (SSL) models have revolutionized speech representation
learning, leading to major advances across a wide range of
tasks [1]. Among them, WavLM [2] has become a cornerstone in
state-of-the-art speaker diarization systems [3], [4], [5]. These
systems leverage the contextualized acoustic representations
offered by SSL models, substantially reducing diarization error
rates (DER) in complex conversational scenarios. Despite these
gains, SSL-based diarization systems remain difficult to deploy
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in practice due to the high computational and memory demands
of large models such as WavLM. With hundreds of millions
of parameters, these models incur high inference latency and
require considerable hardware resources, limiting their use in
latency-critical and on-device applications.

The limitations of large pre-trained models have motivated
growing interest in model compression techniques [6] aimed at
reducing resource consumption while preserving performance.
Two complementary approaches have been widely explored for
this purpose. Knowledge distillation trains a compact student
to imitate a larger teacher [7], [8], [9], while structured prun-
ing [10], [11], [12], [13], [14] automatically removes groups of
redundant parameters—such as attention heads or intermediate
dimensions of feed-forward networks—from large pre-trained
models. Unlike unstructured pruning, which removes individual
weights and typically depends on support for sparse matrix
operations [15], [16], structured pruning preserves architectural
regularity, making it more compatible with standard inference
frameworks and capable of delivering real improvements in
runtime and memory efficiency. Moreover, combining pruning
with distillation objectives has been shown to further enhance
the performance of compressed models [12], [15], [17].

In the field of speech processing, model compression has
been extensively explored for SSL. models through the SUPERB
benchmark [7], [18] and in automatic speech recognition (ASR)
tasks [19], [20]. Although their results are promising, perfor-
mance often degrades sharply at high pruning ratios. Speaker
diarization poses an additional challenge, as it must handle long
multi-speaker recordings under diverse acoustic conditions—
yet it may require less representational capacity than content-
based tasks such as ASR. This raises an important question: can
large self-supervised models be pruned more aggressively for
diarization without loss of accuracy? In this paper, we show that
the answer is yes: structured pruning guided by distillation can
yield compact and efficient diarization models that generalize
well across domains.

In our previous work [21], we investigated structured pruning
of WavLM models for speaker diarization. Unlike existing ap-
proaches that often struggle to maintain acoustic representation
integrity at high sparsity, we demonstrated that fine-tuning the
WavLM model with a diarization objective before structured
pruning is instrumental in guiding self-supervised models to
retain robust task-specific knowledge during the compression
process. With this strategy, we achieved up to 80% parameter
reduction for both WavLM Base+ and WavLM Large models,
together with 4.0 x and 2.6 X inference speedups on a single
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GPU without performance loss. Nevertheless, a comprehensive
analysis of structured pruning behaviors was beyond the scope
of that study.

Building on these initial findings, in this paper, we in-
corporate new pruning objectives based on the number of
multiply-accumulate operations (MACs), alternative pruning
strategies, and a substantially broader experimental evalu-
ation into the framework. We also analyze the influence
of training data quantity on pruning effectiveness, showing
that using only half of the available data can substantially
reduce training time while maintaining comparable perfor-
mance. Whereas our earlier study focused on meeting-style
datasets such as AMI [22], [23], AISHELL-4 [24], and Al-
iMeeting [25], the present work expands to a diverse com-
pound dataset covering eight public diarization corpora—AMI,
AISHELL-4, AliMeeting, NOTSOFAR-1 [26], MSDWild [27],
DIHARD-3 [28], RAMC [29], and VoxConverse [30]—and
further evaluates generalization to out-of-domain data using
CHIiME-6 [31]. Notably, even without any domain adap-
tation, our method remains competitive and achieves re-
sults comparable to the third-place system in the CHiME-7
challenge [32].

The main contributions of this paper are as follows:

1) We incorporate new pruning objectives, sparsity schedul-
ing strategies, and data-efficient training schemes into our
structured pruning framework.

2) We conduct comprehensive evaluations across eight di-
verse diarization corpora and demonstrate robust out-
of-domain generalization without domain adaptation.
Notably, our pruned models achieve state-of-the-art per-
formance on the majority of public benchmark datasets.

3) We release all trained models and code to support repro-
ducibility and future research within the speaker diariza-
tion community.'

II. KNOWLEDGE DISTILLATION-GUIDED STRUCTURED
PRUNING FRAMEWORK

The proposed framework follows a three-stage pipeline to
obtain compact yet high-performing diarization models from
large self-supervised backbones. Stage 1: A pre-trained WavLM
model is first fine-tuned within an end-to-end diarization frame-
work to adapt it to the speaker diarization task. Stage 2: The
fine-tuned model then undergoes structured pruning guided
by knowledge distillation, which removes redundant compo-
nents while preserving the performance of the task. Stage 3:
The pruned model is re-finetuned within the same diarization
pipeline to recover any performance loss. The overall architec-
ture and pruning strategy are illustrated in Fig. 1, where pruning
operates across different architectural components, including
individual convolutional neural network (CNN) kernels, com-
plete attention heads in multi-head attention (MHA) layers, and
rows and columns of weight matrices corresponding to specific
intermediate dimensions in the feed-forward (FFN) layers. De-
tailed training configurations for these stages are provided in
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Fig. 1. Overview of the proposed method: (a) WavLM-based end-to-end
diarization model used for fine-tuning, and (b) structured pruning applied to
its WavLM component (light-colored regions denote pruned units).

Section III-B, and an ablation of alternative pruning strategies
is presented in Section I'V-E3.

A. Speaker Diarization Pipeline

This subsection describes the speaker diarization pipeline
used in the proposed framework, which corresponds to the model
architecture employed in both Stage 1 (pre-fine-tuning) and
Stage 3 (re-fine-tuning after pruning). We adopt DiariZen [5],
which follows the EEND-VC (end-to-end neural diarization
with vector clustering) paradigm [33], [34] by combining a local
end-to-end neural diarization (EEND) module with a Pyannote-
based [35] backend for speaker clustering and stitching of local-
window decisions. As shown in Fig. 1(a), the EEND module
comprises a pre-trained WavLM [2], a Conformer [36], and a
linear classifier.

Formally, given an input speech signal x with 7" frames,
speaker diarization aims to estimate frame-level speaker labels.
Conventionally, it is formulated as a multi-label classification
problem [37], where speaker activity is represented by a binary
matrix Y € {0, 1}7*¢ indicating the joint activity of C' speak-
ers. Alternatively, as adopted in this paper, diarization is modeled
as a multi-class classification problem [38], where each frame is
assigned to one of K mutually exclusive classes (e.g., silence,
single-speaker activity, or overlapping speech).

Following SUPERB [39], hidden representations from all
WavLM layers are combined via a learnable layer-wise weighted
sum used as input to the Conformer. The Conformer consists of
four blocks, each comprising a feed-forward module (input and
hidden dimensions of 256 and 1024, respectively), a multi-head
self-attention module with four heads, and a convolution module
with kernel size 31. All dropout rates in the Conformer are set
to 0.1. The Conformer output is passed to a linear layer that
produces frame-level logits, and a final softmax yields powerset
labels for the EEND objective. The model is trained with the
powerset loss [38], supporting up to four speakers with at most
two overlapping speakers.

We consider both WavLLM Base+ and WavLM Large variants
(approximately 94.4 M and 316.6 M parameters, respectively),
while the Conformer and linear layers contribute an additional
6.1 M parameters.

B. Structured Pruning Guided by Knowledge Distillation

This subsection describes Stage 2 (pruning + distillation)
of the proposed framework. Our objective here is to provide
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a self-contained description of structured pruning as adopted
in our framework. A complete theoretical treatment is beyond
the scope of this paper, and interested readers may consult the
original work [10] for further theoretical details if necessary.

As illustrated in Fig. 1(b), structured pruning is applied exclu-
sively to the WavLM model. Following prior studies [10], [12],
[18], we formulate pruning as minimizing

L£(0) + 1[|0]]o, (D

where £(0) is the training loss, ||@||o is an Ly regularization
term that penalizes the number of nonzero parameters (thus en-
couraging pruning), and A > 0 controls the pruning strength. To
ensure structured pruning, we group the parameters of WavLM
into J disjoint groups (e.g., CNN kernels or MHA heads) and
count parameters in ||@ || as nonzero when at least one parameter
in their group is nonzero; thus, all parameters within a group
are pruned or retained jointly. We therefore denote the prunable
parametersas @ = {6, } ]le, where 0 ; represents the parameters
of jth group.

Distillation loss While various options for the training loss
L(0) are possible (see Section IV-E3), we obtain the best
performance using a distillation-based loss inspired by [18].
Specifically, the fine-tuned WavLM serves as both the fixed
teacher and the initialization for the student, whose parameters
0 are trainable and prunable. Given the ¢th frame outputs from
the sth Transformer layer of the teacher hgi) and student fzil),
the distillation loss combines L; penalty and cosine distances
with equal weights [7], [18]:

co) =" i Ly (R = cos (B 1), @

€S t=1

where T is the number of frames and S denotes the set of
transformer layers used for teacher—student matching. We set
S ={0,4,8,12} for the Base+ model and S = {0, 8, 16, 24}
for the Large model, where index 0 denotes the input to the first
transformer layer. Note that the distillation loss only constrains
the prunable student model to mimic the behavior of its teacher
and does not determine which modules are pruned. For example,
although the distillation loss is computed on the outputs of the
transformer layers, in our framework, all CNN and Transformer
layers are target to pruning. We next describe how this loss is
combined with structured pruning through stochastic gating to
enforce sparsity in WavLM.

Stochastic gating and relaxation: Direct optimization of (1)
is intractable due to the discrete, combinatorial, and non-
differentiable nature of ||6||o. Following [10], we express each
parameter group as ; = 6,z;, where 6 are learnable weights
and z; is a stochastic gate indicating whether the group is active.
Modeling the gates as independent Bernoulli random variables
and denoting their collectionas z = {z;} 5]=1 allows the original
objective (1) to be equivalently rewritten as the minimization of
its expected value over z:

%ﬂnEq(ZM)[‘C(g) +)\||9H0} ) )
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where o = {«; } are the parameters controlling the activation
probability of each gate. Note that € in the expectation depends
on z through the stochastic gating mechanism defined above.
At the optimum, the Bernoulli gates become deterministic (i.e.,
each z; equals O or 1 with probability 1), thus defining the pattern
of structured pruning.

If z; were truly Bernoulli, optimization of (3) would remain
intractable because of non-differentiability. Following [10],
we replace the Bernoulli gates with Hard-Concrete gates—
continuous relaxations of Bernoulli distributions defined on
[0,1]. This formulation assigns nonzero probability mass to
z; = 0, and its location parameter «; > 0 controls the sparsity
level: smaller o; yields a higher probability of z; being zero.

Reparameterization: To compute gradients of E,(, ) [£(0)]
in (3) with respect to both 0 and a, the expectation is ap-
proximated empirically via samples of z; drawn from the

Hard-Concrete distributions using the reparameterization trick
(101, [12]:

55 = sigmoid(bguj — 1og(1/8— ug) +log aj) )

zj = min(1, max(0, (¢ —)s; + 7)), “)

where u; ~U(0,1), 8 is a temperature parameter controlling
how closely the continuous distribution approximates a discrete
gate, s;€(0,1) follows a binary-concrete distribution [40],
[41], and (v,() = (—0.1,1.1) stretch s; beyond (0,1). The
final clamping to (0,1) yields a nonzero probability mass at
z; = 0. Following [10], [18], we fix 8 = 2/3 throughout our
experiments. Equation (4) thus provides a differentiable repa-
rameterization of z; for back-propagation.

Expected sparsity and optimization: The Hard-Concrete dis-
tribution also enables a closed-form expression for the expected
[|€]lo term, allowing its gradient with respect to a to be computed
without Monte Carlo sampling:

J
Eq(z1a)[[101l0] = Z N; sigmoid(log a; — Blog C’y) , (5

j=1
where N; is the number of parameters in group j. To pre-
cisely control sparsity, we adopt the augmented-Lagrangian
formulation [11]:

max min By /o) [£(8) + 21(118ll0 — ) + 22(1[0ll0 — )],
(6)

where A1, Ao € R are learnable Lagrange multipliers, initialized
to zeros and dynamically updated during training, and ¢ is the
pre-defined target sparsity.

Inference: Atinference time, the stochastic gates are replaced
by deterministic estimates

5 = min(L, max(0, (¢ — 7) sigmoid(log ;) + 7)),

and the remaining parameters éj with Z; > 0 are retained,
yielding a dense and hardware-efficient pruned model suitable
for deployment in real-time diarization systems.
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C. Structured Pruning Based on MACs

This subsection extends Stage 2 (pruning + distillation)
by introducing MAC-based structured pruning. In addition to
parameter count, pruning can also be guided by the number
of multiply—accumulate operations (MACs), providing a more
direct estimate of computational cost. The key difference from
parameter-based pruning lies in the sparsity objective, which
is now defined with respect to the total MACs, rather than the
number of parameters. Specifically, we compute the MACs for
each prunable group and define the computational sparsity as
the ratio of pruned to total MACs.

Following [19], we estimate MACs using the formulas imple-
mented in the DeepSpeed® FLOPs profiler. For an input sequence
of length 7" and hidden size d, the MACs for the MHA and FFN
modules are

MACwmua = 4Thdd™™ + 272 hdread, (7)
MACpey = 2Tdd™, (8

where & is the number of attention heads, d"¢d is the dimension-
ality of each head, and d™ is the size of the intermediate FFN
layer. For a 1D convolution layer with kernel size K, C' input
channels, and C°" output channels, the corresponding MACs
are

MACCNN _ TOUtCOUtCinK, (9)

where T°" is the length of the output sequence.

For each prunable group, the associated MACs depend on h,
d, d™, C™, and C°. Because the total MAC count is strongly
correlated with input sequence length, we consistently estimate
MAC:s using a one-second pseudo input signal throughout this
paper for comparability.

III. EXPERIMENTAL SETUP
A. Datasets

For experiments in Sections IV-A-IV-E, we use the far-field
single-channel recordings from AMI [22], [23], AISHELL-4
[24], and AliMeeting [25] for system evaluation. Our model
is trained on the combination of the training sets from these
three corpora, and their corresponding development sets are
merged for validation. Then, in the Section IV-F, we further
evaluate the effectiveness of our method on a larger, multi-
domain compound dataset, consisting of AMI, AISHELL-4,
AliMeeting, NOTSOFAR-1 [26], MSDWild [27], DIHARD-3
[28], RAMC [29], and VoxConverse [30] corpora. Finally, as
shown in Section IV-G, the out-of-domain performance on
CHiMESb [31] is also considered.

Note that for AMI and AliMeeting, we consistently use
the first channel from the first far-field microphone array. For
AISHELL-4, we convert the multi-channel recordings into a
single-channel audio by averaging across channels. When con-
structing the compound dataset, we directly use the official
train/dev/test splits when available. For AISHELL-4 and DI-
HARD3, which provide only training or development data,

Zhttps://github.com/deepspeedai/DeepSpeed
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we randomly split the available data into new training and
development subsets using an 80/20% ratio, while keeping the
original test sets unchanged. These subsets are then combined to
form the compound dataset. For AliMeeting, the eval set is used
for development and the test set is used for system evaluation.
For NOTSOFAR-1, we follow the official single-channel track
condition.> For MSDWild, we adopt the official partition into
few.train/many.val/few.val as train/dev/test. For DIHARD?3, we
use the official “full” partition. For VoxConverse, we use the lat-
est annotations* from Version 0.3. For CHiME-6, we follow the
data split established in the CHiME-7 challenge [32]. Detailed
information can be found in Table 1.

B. Configurations

All models are trained using the AdamW optimizer [42]. We
now detail the training settings for our three stage pipeline.

Stage 1 (pre-fine-tuning): In the first stage, the complete
EEND system (including the WavLM front end) is optimized
using the powerset loss to adapt WavLLM to the diarization task.
The learning rate is set to 2x107° for WavLM parameters
and 1x1073 for all remaining parameters. Training stops if
the validation loss fails to improve for 10 epochs, typically
converging within 20 epochs.

Stage 2 (pruning + distillation): Only the WavLLM parameters
are pruned and updated using a knowledge distillation objective.
This stage begins by gradually increasing the target sparsity over
the first five epochs. The target sparsity is then kept fixed for
the remainder of the pruning phase, which usually takes about
25 epochs before early stopping is triggered by the validation
loss showing no improvement for 5 epochs. During this stage, the
learning rate for the student WavLLM parameters 6 is set to 2 X
10~%, and the learning rates for the sparsity-related parameters
a, A1, and Ag are set to 2x 1072,

(distillation continuation within Stage 2) Following [18], the
pruning pattern is then frozen and distillation continues without
further pruning for about 15 additional epochs, again stopping
early if the validation distillation loss does not improve for
5 epochs. In this phase, the sparsity-related parameters remain
fixed, and the learning rate for the student WavLM parameters
0 is maintained at 2x 1074,

Stage 3 (re-fine-tuning after pruning): The complete EEND
system is re-finetuned using the powerset loss with the pruned
WavLM restored in place. The same learning rates as in Stage 1
are used. Early stopping is applied with a patience of 5 epochs,
typically converging within 10 epochs.

To obtain global diarization results, we extract local speaker
embeddings using a ResNet34-LM model trained with the We-
Speaker toolkit [43] on the VoxCeleb2 dataset [44]. For models
trained on the compound dataset comprising AMI, AISHELL-4,
and AliMeeting, agglomerative hierarchical clustering is ap-
plied. For models trained on the larger compound dataset de-
scribed in Section III-A, VBx clustering [45] is used instead.
Detailed configurations are available in our repository.

3https://www.chimechallenge.org/challenges/chime8/task2/data
“https://github.com/joonson/voxconverse/tree/master
Shttps://github.com/BUTSpeechFIT/DiariZen
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TABLE I
INFORMATION ABOUT THE DIFFERENT DATASETS INCLUDES THE NUMBER OF RECORDINGS, THE MINIMUM AND MAXIMUM NUMBER OF SPEAKERS, TOTAL
DURATION (IN HOURS), AND THE AVERAGE LENGTH (IN MINUTES). THE CHARACTERISTICS OF EACH DATASET ARE ALSO PROVIDED.

Dataset Train Development Test Characteristics

#recs #spk  #hrs min/rec | #recs #spk #hrs min/rec | #recs #spk #hrs min/rec
AMI 134 35 797 357 18 4 9.7 323 16 3-4 9.1 34.1 | Meetings in English in different rooms
AISHELL-4 173 3-7 972 338 18 47 99 338 20 5-7 12.7 382 | Discussions in Mandarin in different rooms
AliMeeting 209 2-4 1114 320 8 2-4 42 315 20  2-4 10.8 324 | Meetings in Mandarin in different rooms
NOTSOFAR-1 | 526 4-8 543 6.2 117 4-6 122 62 160 3-7 167 6.3 | Meetings in English in different rooms
MSDWild 2476 2-4  66.1 1.6 177 3-10 4.1 1.4 490 24 99 1.2 | Daily casual conversations (multilingual)
DIHARD3 204 1-10 274 8.1 50 1-8 67 81 259 19 330 7.7 | Wide variety of domains
RAMC 289 2 149.6 311 19 2 9.9 312 43 2 20.6 28.8 | Phone calls in Mandarin
VoxConverse 174 1-20 165 5.7 42 1-15 38 54 232 1-21 435 11.3 | Wide variety of domains (multilingual)
CHiME-6 14 4 354 151 2 4 4.5 134 4 4 10.0 150 | Dinner parties in English at home

TABLE I

DIARIZATION PERFORMANCE ACROSS DIFFERENT DATASETS. INFERENCE SPEEDUPS ON BOTH GPU AND CPU ARE REPORTED RELATIVE TO THE UNPRUNED
MODEL. EVALUATIONS WERE CONDUCTED ON A SINGLE NVIDIA RTX A5000 GPU AND AN INTEL XEON E5-2640 v4 2.40 GHz CPU, RESPECTIVELY, WITH THE
INPUT BATCH SIZE TUNED TO MAXIMIZE UTILIZATION OF EACH DEVICE COMPUTATIONAL CAPACITY.

Pruning Complexity Speedup DER (%)
System Sparsity ~ Objective | Params MACs | GPU c?u AMI  AISHELL-4  AliMecting | M2
Fbank - - - - - - 197 125 210 77
0% - 944M  69G - - 56 13 77 150
80% Params | 188M  LIG | 40x 45x | 158 12.1 17.9 15.3
WavLM Base+ | 80% MACs | 265M  14G | 35x  39x | 157 12.0 17.9 152
90% Params 94M  0.6G | 59x 75x | 169 11.8 18.5 15.7
90% MACs 133M  07G | 54x  68x | 165 122 19.2 16.0
0% - 3166M 178G | - - 43 13 63 41
80% Params | 633M  38G | 2.6x 3.1x | 151 113 15.8 14.1
WavLM Large |  80% MACs | 702M  3.6G | 35x 43x | 152 112 16.7 144
90% Params | 30.6M  1.8G | 34x 52x | 15.7 11.2 17.6 14.8
90% MACs | 352M  18G | 52x 72x | 158 11.2 17.6 14.8

For evaluation, we report DER without collar on all datasets
except CHiME-6. For CHiME-6, we additionally follow the
official evaluation protocol and report DER with a 0.25 s collar.
We further report the macro-averaged DER to reflect overall
performance across all datasets.

IV. RESULTS AND DISCUSSIONS
A. Overall Performance

Table II presents the overall performance of the WavLM-
based diarization system under different sparsity levels. Both the
number of parameters and the number of MACs are considered
as pruning objectives. For clearer comparison, we also report
the post-pruning characteristics of each WavLM model, includ-
ing the number of parameters, MACs, and inference speedup
relative to the unpruned model. Further discussion is provided
in Section IV-B. To ensure a robust evaluation of inference
acceleration, each setting is executed five times, and the average
inference speedup is reported.

For reference, results using traditional filterbank (Fbank)
features as input to the Conformer model are also provided. As
shown, WavLM-based models consistently outperform those us-
ing Fbank features, with the Large model achieving better results
than the Base+ one in all settings. Both pruned WavLM Base+
and Large models retain performance comparable to their un-
pruned counterparts even at 80% sparsity, and this trend remains
consistent across different pruning objectives. At 90% sparsity, a
higher inference speedup can be achieved, albeit typically at the
cost of some performance degradation. From a computational

perspective, the Fbank- and WavLM-based systems share the
same diarization backend and differ only in the front-end feature
extraction, i.e., Fbank versus WavLM. For a 30-minute input
recording processed on a single NVIDIA RTX A5000 GPU,
the unpruned WavLM Base+ model requires 27.3 s for feature
extraction. After applying structured pruning with 80% sparsity,
the processing time is reduced to 7.2 s, substantially narrowing
the computational gap relative to the Fbank system.

In terms of diarization performance, there is no significant
difference between using the number of parameters or MACs as
the pruning criterion. However, the pruning behavior is strongly
influenced by the selected objective, with each criterion more
effectively constraining its respective target metric. For example,
when pruning is guided by MACs, the resulting models typically
achieve the desired MAC count, but the number of parameters
often becomes difficult to control. Interestingly, pruning based
on parameter count generally tends to yield MACs comparable
to those achieved by pruning directly for MACs, and in the case
of WavLM Base+, sometimes even lower. In contrast, pruning
for MAC:s frequently results in models with substantially higher
parameter counts. These findings suggest that using the number
of parameters as the pruning objective may offer a more favor-
able trade-off between model efficiency and performance. We
therefore adopt it as the default pruning criterion in subsequent
experiments.

Besides, our experiments reveal distinct pruning patterns be-
tween WavLM Base+ and WavLM Large. When pruning by
parameter count at the same sparsity level, the pruned Base+
model achieves significantly higher inference acceleration than
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TABLE III
PERFORMANCE COMPARISON UNDER DIFFERENT SPARSITY SETUPS. THE PRUNING OBJECTIVE IS THE NUMBER OF PARAMETERS AND SPARSITY 1S 80%.
] o Params MACs Speedup DER (%)
System Sparsity | A CNNs  Trans | Al CNNs Trans | GPU CPU | AMI AISHELL-4 AliMeeting | M2
- 944M  42M  90.2M | 69G 24G 4.5G - - 15.8 12.1 17.9 15.3
WavLM Base+ | overall 18.8M 0.6M 18.2M 1.1G  02G 09G |4.0x 45x | 158 12.1 17.9 153
separate | 189M  09M 18.IM | 1.2G 03G 09G | 39x 44x | 157 11.8 17.9 15.1
- 315.6M 42M 3114M | 17.8G  24G 154G - - 15.1 11.3 15.8 14.1
WavLM Large | overall | 63.3M 14M 619M | 3.8G 0.7G 3.1G | 2.6x 3.1x | 15.1 11.3 15.8 14.1
separate | 64.5M 0.8M  63.7M | 3.6G 0.5G 3.1G | 2.6x 3.8x | 152 11.2 17.5 14.6
3.79 WavLM Large; see Table III), they are quite computationally
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Fig. 2. Absolute inference time comparison between CNN and Transformer
layers, with the number of parameters as the pruning objective. All reported
numbers are averaged over five runs.

the pruned Large model (e.g. when using a single GPU, 4.0 vs.
2.6%;5.9x vs. 3.4 x). However, this discrepancy vanishes when
MAC:s are used for pruning: in such cases, the pruned Base+
models often become slower, while the Large models benefit
from considerable speedups. Additionally, although MACs are
generally correlated with computational complexity, they are not
always reliable indicators of actual inference speed. For instance,
when pruning WavLLM Large using either objective, the resulting
models may exhibit similar MACs but differ substantially in
real-world acceleration.

B. Inference Time for CNN and Trans. Layers

As illustrated, WavLM [2] consists of several CNN layers
followed by Transformer (Trans.) layers. In Fig. 2, we compare
the absolute inference times of the CNN and Transformer layers
separately for both unpruned and pruned (80% sparsity) WavLM
Base+ and Large models, with parameter count as the pruning
objective. Each input sample corresponds to an 8-second local
window in the EEND-VC framework, and the batch size is
adjusted to fully utilize GPU resources. Since the Base+ model
has fewer parameters than the Large model, it supports a larger
batch size. Specifically, we set batch size to 230 for the Base+
and 150 for the Large models. As we can see, although CNNs
contain a small number of parameters (4.2 million, 4.4% of all
parameters for WavLM Base+ and 1.3% of all parameters for

intensive and slow during inference, accounting for 35.9% and
22.5% of the total inference time for the Base+ and Large
models, respectively. After pruning, it is clear that both models
achieve notable and similar acceleration in the Transformer
layers. However, as shown by the overall pruning results reported
in Table III, the Base+ model removes more CNN parameters
than the Large model, which likely contributes to a higher overall
speedup (4.0 x vs. 2.6 X).

C. Separate Sparsity Constraints for CNN and Trans. Layers

As previously shown, CNNs have a significant impact on
inference speed. We also observe that WavLM Base+ and Large
exhibit different pruning behaviors for CNN and Transformer
layers. Given these differences, it is natural to ask whether
explicitly encouraging the WavLM Large model to prune more
CNN layers can further accelerate inference.

To explore this, we impose separate sparsity constraints on
the CNN and Transformer components by modifying the La-
grangian terms in the final loss as

2.

me{cnn,trans}

A (HOmHO - t) + A2 (HOmHO - t)2 :

The results are reported in Table III, where sparsity is computed
for the overall model as well as separately for the CNN and
Transformer layers.

Compared with pruning based on overall parameter sparsity,
the separate constraint removes parameters from CNN and
Transformer layers more evenly but provides no clear advan-
tage. For WavLM Base+, it even results in a higher MAC
count. For WavLM Large, although fewer CNN parameters
and MACs are retained, the inference speed on a single GPU
remains unchanged and the overall performance degrades. This
behavior can be attributed to system-level factors: for the Large
model, inference time is dominated by the Transformer layers,
and reductions in CNN parameters and MACs alone may not
translate into additional GPU wall-clock speedups. At the same
time, enforcing separate sparsity constraints across CNN and
Transformer components limits the ability to optimally allocate
sparsity in a global manner, which may introduce unnecessary
constraints on representation learning and lead to degraded
diarization performance. These results indicate that the origi-
nal overall pruning is more effective at preserving model per-
formance. We therefore adopt the overall pruning strategy in
subsequent experiments.

Authorized licensed use limited to: Brno University of Technology. Downloaded on July 15,2026 at 11:26:18 UTC from IEEE Xplore. Restrictions apply.



HAN et al.: EFFICIENT AND ROBUST SPEAKER DIARIZATION VIA STRUCTURED PRUNING OF SELF-SUPERVISED MODELS

{-e-pruned Base+ ---unpruned Base+
-e-pruned Large ---unpruned Large

=
(o)}

Macro DER
[}
w

141
60 65 70 75 80 85 90 95
Sparsity (%)
161
h'e
=
515
%)
©
=

=
Y

20 40 60 80
Model Size (M)

Fig.3. Performance comparisons between WavLM Base+ and WavLM Large
under different pruning setups. The blue and green rectangles indicate that the
pruned Base+ and Large models have a similar number of parameters.

D. Analysis Under Different Sparsity Levels

As shown in Table II, leveraging a pre-trained large model
consistently proves advantageous. For example, at 80% sparsity,
the pruned WavLM Large contains fewer parameters than the
unpruned WavLM Base+ (63.3 M vs. 94.4 M) while delivering
significantly better performance. Note that both WavLM Base+
and WavLM Large are pre-trained using the same corpus, which
raises a natural question: if our goal is to obtain a small model,
is it always beneficial to use the largest pre-trained model and
then prune it to the desired size?

To address the above question, we evaluate the pruning per-
formance of WavLM Base+ and WavLM Large under various
sparsity levels, as illustrated in Fig. 3. As indicated, for the
same pruning sparsity, the pruned WavLM Large consistently
outperforms its Base+ counterpart. Furthermore, both the Large
and Base+ models can retain similar performance to the un-
pruned models even after removing 85% of their parameters.
However, at 94% sparsity, where the pruned WavLM Large
(green rectangle) has the same number of parameters (18.8 M) as
the Base+ model (blue rectangle) pruned at 80%, its performance
degrades significantly. Our results suggest that excessive prun-
ing can completely undermine a model’s performance. Thus,
in scenarios requiring a compact and efficient model, pruning
a smaller model may be more reasonable than pruning a larger
one.

E. Ablation Analysis

1) Progressive Pruning From Already Pruned Models: Our
results in Table II and Fig. 3 demonstrate that our method
can achieve performance comparable to the unpruned model
even at high sparsity levels. However, in a new application
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TABLE IV
PERFORMANCE UNDER DIFFERENT PRUNING SETUPS. THE PRUNING
OBJECTIVE IS THE NUMBER OF PARAMETERS. WAVLM BASE+ IS USED.

DER (%)

Sparsity Params | MACS | \ \i1 AISHELL-4 AliMeeting | M2°™©

0 —> 60% 377M | 23G | 158 117 77 5.1

0 —> 80% 18.8M | 1.1G | 158 121 17.9 153

0 —> 90% 94M | 0.6G [169 118 18.5 15.7

0—>60->80%| 189M | 12G | 156 123 18.1 153

0 —> 60 —>90%| 9.4M | 0.6G | 16.6  12.0 18.6 15.7
TABLE V

EFFECTS OF EXTENDED TRAINING AT 90% SPARSITY. THE PRUNING
OBJECTIVE IS THE NUMBER OF PARAMETERS. WAVLM BASE+ 1S USED.

— DER (%)

Training Epochs AMI  AISHELL-4  AliMeeting | M&cr©
warmup=5, total=30 16.9 11.8 18.5 15.7
warmup=10, total=35 | 16.6 12.5 18.6 159
warmup=15, total=40 16.6 12.2 18.4 15.8

scenario, it is often difficult to determine how many parameters
can be safely removed without causing significant performance
degradation. One straightforward approach is to run multiple
pruning experiments at different sparsity levels and select the
best outcome. However, it is widely recognized that knowledge
distillation-based training is resource-intensive, meaning that
obtaining a well-performing pruned model for a new task can be
costly. A more flexible alternative is to first prune the model to
a relatively conservative sparsity level and then incrementally
increase the sparsity based on the already pruned model. In
this framework, the conservatively pruned model serves as the
teacher for subsequent pruning stages. Since both the teacher
and student models have already undergone pruning, their pa-
rameter counts and MAC:s are significantly reduced. As a result,
subsequent training toward higher sparsity becomes faster and
more computationally efficient.

To explore this idea, Table IV presents an experiment where
we obtain 80% and 90% sparsity models either directly from
the unpruned model (0% sparsity) or from a model that has
been pruned to 60% sparsity. As shown, the models obtained
by further pruning from already pruned models exhibit nearly
identical performance to those pruned from scratch. These re-
sults highlight the potential of progressive pruning as a flexible
and practical solution for real-world deployment.

2) Extended Training At 90% Sparsity: As discussed earlier,
system performance typically degrades at high sparsity levels
such as 90%. Even when the warm-up strategy is employed,
which linearly increases the target sparsity over a certain number
of epochs, the target sparsity at each warm-up step may still
be too high to preserve the original unpruned performance.
In addition, higher sparsity levels may require longer training
schedules to allow the model to better adapt.

To investigate these assumptions, we evaluate different train-
ing setups for pruning WavLM Base+ at 90% sparsity, as
shown in Table V. As observed, although finer-grained sparsity
warm-up strategies and extended training epochs are applied,
the performance remains largely unchanged. These findings
suggest that simply increasing training time or smoothing the
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TABLE VI
COMPARISON OF PRUNING STRATEGIES FOR WAVLM BASE+ AT 80% SPARSITY.
PREFT INDICATES WHETHER WAVLM WAS FINE-TUNED ON THE DIARIZATION
TASK BEFORE PRUNING.

Pruning strategy preFT AMI AISI-]I)]:E,:}E,—(?) AliMeeting Macro
Unpruned baseline - 15.6 11.8 17.7 15.0
Prune w/ - 16.7 12.0 18.3 15.7
diarization loss v 17.0 12.1 19.7 16.3
o - 16.5 11.9 19.5 16.0
Prune w/ distillation v 157 121 19.1 15.6
+ post-distillation v 15.8 12.1 17.9 15.3

sparsity schedule does not effectively mitigate the performance
degradation at high sparsity levels.

3) Comparison of Pruning Alternatives: Table VI compares
alternative pruning strategies for WavLM Base+ at a fixed 80%
sparsity. The first row reports the unpruned baseline. The last
row corresponds to the pruning strategy used in our main results
(same as the line WavLM Base+ 80% Params in Table 1I), i.e.,
the three-stage pipeline: Stage 1 trains the entire EEND system
on the diarization task to adapt WavLM; Stage 2 prunes WavLM
under a distillation objective and then continues distillation
without further pruning as described in Section I1I-B; and Stage 3
re-finetunes the EEND system after pruning. The same Stage 3
re-finetuning is applied to all alternatives in Table VI. The preF'T
indicates whether Stage 1 (diarization pre-fine-tuning before
pruning) was performed.

As a Stage 2 alternative, rows 2-3 apply pruning directly
under the diarization (powerset) loss, meaning that the entire
EEND model is optimized while enforcing sparsity via L
regularization. This task-loss-based approach, commonly used
in pruning for other tasks [19], produces the largest degradation
relative to the unpruned model, regardless of whether Stage 1
pre-fine-tuning is used.

Rows 4-5 prune WavLM under a distillation loss instead of the
diarization loss. When pruning starts from an unadapted WavLM
(preFT=-), performance remains clearly below the baseline.
Initializing both teacher and student from a diarization-adapted
WavLM (preFT=v") narrows this gap, although the result on
AliMeeting remains below the baseline.

Finally, in the last row, once pruning has been completed
and the target sparsity is in effect, distillation is continued for
about 15 epochs with pruning frozen (see Section III-B). This
post-pruning distillation step recovers most of the remaining gap
and yields the strongest pruned model, which is why it is adopted
as our default approach.

4) Teacher—Student Representation Similarity: Fig. 4 shows
the cosine similarity between the layer outputs of the pruned
model and its teacher, along with the corresponding DER at
different sparsity levels. The cosine similarity is averaged over
Transformer layers {0, 4, 8, 12} and computed on the full
development set. When the teacher is the Stage 1 (pre-fine-tuned)
WavLM Base+, the similarity decreases as sparsity increases but
remains relatively high even at 90% sparsity. Notably, a lower
similarity does not necessarily imply worse DER when sparsity
is below 85%. Beyond 85% sparsity, both similarity and DER
degrade in a coupled fashion.
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Fig. 4. Macro DER and cosine similarity between the layer outputs of the
pruned model and its teacher for WavLM Base+ under different pruning setups.
The triangle points show the performance for 80% sparsity when distilling
knowledge from the original (not fine-tuned) WavLM.

Stagel

B stage2 Stage3

24.7%

Fig. 5. Relative time consumption of WavLM Base+ across different stages
of the pipeline when using the full dataset. The dashed green box represents the
time saved when using half of the dataset for model pruning.

In contrast, when the original (unadapted) WavLM Base+ is
used as the teacher—shown by the triangle markers—the pruned
model still achieves high cosine similarity but performs much
worse in terms of DER. This demonstrates that matching the
teacher’s internal representations is not sufficient unless the
teacher itself has been pre-fine-tuned to the diarization task
beforehand. In other words, WavLM pre-fine-tuning (Stage 1)
is crucial for effective pruning.

5) Effects of Data Quantity: In our previous work [5], we
demonstrated that a WavLLM-based diarization model can main-
tain competitive performance even when trained on only half
of the available data. In the current pruning setup, the default
strategy utilizes the full training set for model pruning. However,
high-quality annotated data remain scarce in many real-world
scenarios, and training with knowledge distillation is compu-
tationally intensive. This motivates an investigation into how
varying the amount of training data influences the diarization
performance of pruned models. One promising direction for
reducing overall training cost is to limit the amount of data used
during the pruning stage.

To this end, we analyze the relative time cost across different
training stages in Fig. 5. As observed, most of the training cost is
incurred during Stage 2 (67.7% of total), while Stage 3 accounts
for only 7.6%, motivating the use of reduced training data during
pruning and reserving more data for final fine-tuning. Based on
this observation, we study the impact of training data size on
pruning and subsequent fine-tuning by sampling 50%, 25%, and
5% subsets from AMI, AISHELL-4, and AliMeeting. For each
setting, we train WavLM Base+ models with 80% sparsity, while
the teacher model is always trained on the full dataset. Results
are reported in Table VII.

As shown, our method achieves comparable performance
even when both pruning and fine-tuning are performed on
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TABLE VII
PERFORMANCE WHEN TRAINING MODELS WITH DIFFERENT DATA RATIOS AT
THE PRUNING AND FURTHER FINE-TUNING (FURFT) STAGES.

) DER (%)
Pruning | FurFT | i1 AISHELL4 ~ AliMeeting | M2
100% | 100% | 15.8 2.1 17.9 53
50% | 162 25 185 15.7
50% 50%" | 17.0 120 18.8 15.9
100% | 158 120 17.6 15.1
o 35% | 166 2.1 7.8 155
100% | 15.9 12.1 17.9 153
™ 5% 19 42 7138 84
100% | 163 120 193 15.9

" Only the remaining 50% of the data is used.
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Fig. 6. Visualizations of CNN channels, attention heads, and FFN interme-

diate dimensions from the pruned WavLM Base+. The original sizes of these
components are 512, 12, and 3072, respectively. The pruning sparsity levels are
set to {60%, 70%, 80%, 85%, 90%}.

reduced subsets. Although performance degradation is observed
in some cases, it is largely compensated when the full dataset
is used for the final fine-tuning stage. We further examined the
case in which fine-tuning uses only the portion of the data not
seen during pruning (e.g., for the 50% pruning condition, the
remaining 50% is used for fine-tuning). This configuration yields
slightly worse performance compared with using the same data
as pruning. Fine-tuning on the entire dataset consistently leads
to the best results. Notably, pruning with only 5% of the data
still yields reasonable performance.

In summary, using 50% or 25% of the data for pruning,
followed by fine-tuning on the full dataset, provides high train-
ing efficiency with no observed performance degradation. As
highlighted by the green dashed box in Fig. 5, the 50% setting
significantly reduces overall training time. These results demon-
strate that the proposed framework can be effectively applied in
resource-constrained scenarios, reducing reliance on large-scale
labeled data while maintaining strong performance.

6) Visualization of Layer-Wise Pruning Patterns: Fig. 6
shows how the number of parameters retained in the
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convolutional (CNN), multi-head attention (MHA), and feed-
forward network (FFN) components of WavLLM Base+ changes
under different sparsity levels. The middle CNN layers are more
strongly preserved, indicating higher task relevance. Among
the Transformer blocks, the 9th and 10th layers are almost
completely removed after pruning. However, due to residual
connections [49], information can still propagate to deeper layers
even when attention heads are removed.

In most prunable units, higher sparsity yields a roughly
proportional reduction in parameters. However, for some
components—such as the first and last two MHA layers—the
structure remains unchanged beyond a certain sparsity level,
suggesting that the current pruning strategy has reached its
structural limit for these parts.

F. Generalization Beyond Meeting Scenarios

As discussed above, we have demonstrated that our proposed
pruning method can safely remove over 80% of redundant
parameters while maintaining performance comparable to the
unpruned model. However, since the training data consist solely
of meeting recordings from AMI, AISHELL-4, and AliMeeting,
our analysis is limited to the meeting scenario and may not
generalize well to other domains such as phone calls, YouTube
recordings, or daily conversations.

Our ambition is to develop a general diarization pipeline,
based on EEND-VC, that is both simple and effective across
diverse scenarios. An ideal approach is expected to have the
following characteristics: 1) the EEND model is lightweight
and easy to deploy; 2) the clustering component uses the same
hyperparameters across datasets, avoiding over-tuning for each
individual case; and 3) the overall pipeline achieves competitive
performance compared to state-of-the-art systems.

Following these principles, we pre-trained WavLM-based
EEND models on a larger, multi-domain compound dataset
comprising AMI, AISHELL-4 (AIS-4), AliMeeting (AliM),
NOTSOFAR-1 (NSF), MSDWild (MSD), DIHARD-3 (DH3),
RAMC, and VoxConverse (VoxC). Further details about these
datasets are provided in Section III-A. We then applied our
pruning strategy to the pre-trained models to eliminate redun-
dant parameters. For speaker-embedding clustering, we adopt
VBx [45], which demonstrates superior performance in our
experimental setup. A detailed analysis of VBx clustering within
the DiariZen framework can be found in [50].

The results are presented in Table VIII, where we also ex-
amine the effect of using longer local EEND windows (i.e., the
segment length in the EEND-VC framework). Using longer win-
dows increase the likelihood that each speaker is captured with
more speech, leading to more representative and discriminative
speaker embeddings. However, they also increase the chance
that more speakers co-occur within the same window, which can
conflict with the assumptions of the powerset formulation—by
default trained with up to four speakers and at most two over-
lapping. Such violations can degrade local EEND performance.

In our experiments, the local window size during training
for both the unpruned WavLM Base+ and WavLM Large mod-
els, as well as for the distillation-guided pruning stage, was
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TABLE VIII
PERFORMANCE ACROSS DIFFERENT DATASETS WITH VARYING LOCAL EEND WINDOW LENGTHS DURING TRAINING AND INFERENCE. NO DOMAIN ADAPTATION;
ALL SYSTEM USES THE SAME CLUSTERING HYPER-PARAMETERS. THE EVALUATION COLLAR IS SET TO 0 SECONDS FOR ALL DATASETS. THE BEST RESULTS ARE
SHOWN IN BoLD.

Window

DER (%)

System SParsity | fuain Infer | AMI  AIS4  AM__ NSF_ MSD DH3  RAMC Voxc | Macro
0% 8s 8s 16.3 10.9 15.8 19.3 17.8 16.5 10.9 9.6 14.6
0% 8s 12s 16.1 10.5 16.0 19.7 17.5 16.4 11.2 9.5 14.6

WavLM Base+ 80% 8s 8s 16.7 11.2 16.2 20.7 18.0 16.9 11.5 10.1 152
80% 8s 12s 16.2 10.9 16.3 21.4 18.0 16.8 11.7 10.0 152
80% 12s 12s 159 11.1 15.8 19.8 17.6 16.1 11.3 9.8 14.7
80% 16s  16s 15.8 10.7 14.1 20.3 17.4 15.9 11.4 9.7 14.4
0% 8s 8s 15.7 10.6 15.0 18.2 16.6 15.4 11.1 9.5 14.0
80% 8s 8s 15.1 10.3 15.1 18.3 16.8 15.2 11.1 9.3 13.9

WavLM Large 80% 125 12s 14.9 10.2 13.9 18.0 16.2 14.9 11.0 9.2 135
80% 16s 16s 14.0 9.8 12.5 17.9 15.6 14.5 11.0 9.2 13.1

w/ 4spk overlap powerset |  80% 16s  16s 13.9 10.1 10.8 16.7 15.8 14.5 11.0 9.1 12.7

State-of-the-art by submission” - - - 152 [46] 10.2 [47] 11.4 [46] 19.7 [48] 17.3 [47] 14.5 [46] 10.7 [47] 9.37[4] -

f Potentially over-optimistic, as state-of-the-art results are typically achieved through fine-tuning on each specific dataset.

" For consistency, we report all state-of-the-art results without a collar. Many prior works use a 0.25-s collar, so their numbers are not directly comparable.

TABLE IX

fixed at 8 seconds. During inference, window lengths of 8 or
12 seconds were used. Increasing the window length during
training is challenging due to GPU memory requirements; how-
ever, once WavLM is pruned, the reduced model size makes
longer-window fine-tuning feasible. We therefore experimented
with 12- and 16-second windows for both fine-tuning and infer-
ence of the pruned model, while longer windows exceeded our
available GPU memory capacity.

As shown in the table, longer local windows generally im-
prove performance. However, the default powerset configuration
assumes up to four speakers with at most two overlapping
speakers, which may not always hold in practice. To examine this
effect, we adjust the overlapping constraint in the powerset [38]
configuration to allow up to four overlapping speakers. This
relaxed assumption significantly reduces DER—primarily the
MISS error—on the AliMeeting and NOTSOFAR-1 datasets.
Notably, for pruned WavLM Large, our best setup achieves
superior performance to current state-of-the-art systems on most
datasets. It is important to note, however, that most state-of-the-
art results are obtained through extensive fine-tuning on individ-
ual datasets. In contrast, our systems are trained without any fur-
ther domain adaptation and use identical hyperparameters across
all datasets. As suggested by prior works [4], [38], although
dataset-specific tuning can lead to better performance, it contra-
dicts our objective of building a generalizable diarization system.

Another noteworthy observation is that WavLM Base+ and
WavLM Large exhibit different behaviors under pruning. At
80% sparsity, compared to the unpruned model, the pruned
Base+ model performs worse across all datasets (see the 1st
and 3 rd rows), whereas the pruned WavLM Large generally
shows improved performance (see the 7th and 8th rows). This
suggests that pruning may act as a form of regularization for
larger models, alleviating overfitting and leading to better gen-
eralization across diverse domains. These findings point to the
potential of applying our method to other large-model domains,
such as large language models, where high parameter counts
have increasingly become the norm.

G. Out-of-Domain Evaluation on CHiME-6

While our model achieves strong performance on in-domain
datasets, an important question arises: How well does it
generalize to out-of-domain (OOD) scenarios? On one hand,

OUT-OF-DOMAIN PERFORMANCE ON CHIME-6. SEGMENT LENGTH USED FOR
BOTH TRAINING AND INFERENCE.

. . collar=0s | collar=0.25s

System Sparsity Window Dev Eval | Dev Eval
0% 8s 39.4 449|345 384

WavLM Base+ 80% 8s 40.3 443|356 37.8
80% 16s 399 4401351 375

0% 8s 40.9 42.4(358 354

80% 8s 409 433|358 37.0

WavLM Large 80% 165 |41.2 420|362 354
+ DOVER-Lap"| 80% 16s 38.0 40.0(32.8 333

* The DOVER-Lap [53] across arrays is applied.

model pruning substantially reduces the number of parameters,
which could increase sensitivity to domain shifts. On the other
hand, the pruning mechanism in our framework introduces a
regularization effect that may enhance robustness. By removing
redundant parameters, the model is encouraged to learn more
intrinsic and transferable representations, which are essential
for maintaining performance under unseen conditions.

To investigate the out-of-domain generalization capability
of our approach, we evaluate the pre-trained models listed in
Table VIII, specifically rows 1, 3, and 6 for WavLM Base+,
and rows 7, 8, and 10 for WavLM Large, on the CHiME-6
dataset [31]. The results are summarized in Table IX. Since
CHiME-6 consists of recordings from six microphone arrays,
each equipped with four channels, we follow the official Kaldi
recipe [51] for preprocessing, including Weighted Prediction
Error (WPE) [52] dereverberation and Beamformlt [53] beam-
forming. The beamformed audio from the first array is used.

As shown in the results, both the WavLM Base+ and WavLM
Large pruned models achieve strong performance in this out-
of-domain setting. While pruning does not always yield further
gains, it provides up to 80% parameter reduction with only minor
degradation. Moreover, using longer input windows leads to
consistently better results, consistent with the trends observed in
Table VIII. These findings indicate that our pruning method re-
mains robust under domain shifts and can be effectively applied
to unseen real-world scenarios.

In the last row of Table IX, we apply DOVER-Lap [54] to fuse
the diarization outputs obtained from the beamformed record-
ings of each microphone array. Without any domain adaptation,
our system achieves a DER of 33.3% (with a 0.25 s collar)
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on the CHiME-6 evaluation set, which is comparable to the
third-place system in the CHiME-7 challenge.® It should be
noted that applying BeamformlIt independently to each device is
not permitted under the official CHiME-7 rules. Nevertheless,
our objective here is to analyze the out-of-domain generalization
capability of our method rather than to compete within the
challenge framework. Overall, these results demonstrate that the
pruned models maintain competitive performance on in-domain
datasets and generalize effectively to challenging out-of-domain
conditions.

V. CONCLUSION

In this paper, we presented an in-depth study on com-
pressing the self-supervised WavLM model for end-to-end
speaker diarization through structured pruning. Our approach
achieves up to 80% model size reduction and 4 x inference
acceleration without compromising performance. We explored
multiple pruning strategies, including MAC-based objectives,
component-wise pruning, and progressive sparsity schedules.
Furthermore, we showed that pruning with reduced data, fol-
lowed by fine-tuning on the full dataset, offers an efficient
training strategy that preserves performance while substantially
reducing computational cost. Extensive evaluations across eight
diverse diarization datasets demonstrate that the pruned models
not only retain state-of-the-art performance in-domain but also
generalize effectively to out-of-domain conditions, including
strong results on the CHiME-6 dataset without domain adap-
tation. All models and code are publicly released to support
reproducibility and further research in speaker diarization and
model compression.
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