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Abstract—Disentangled speech representation learning for
speaker verification aims to separate spoken content and speaker
timbre into distinct representations. However, existing variational
autoencoder (VAE)-based methods for speech disentanglement
rely on latent variables that lack semantic meaning, limiting their
effectiveness for speaker verification. To address this limitation,
we propose a diffusion-based method that disentangles and
separates speaker features and speech content in the latent space.
Building upon the VAE framework, we employ a speaker encoder
to learn latent variables representing speaker features while using
frame-specific latent variables to capture content. Unlike previous
sequential VAE approaches, our method utilizes a conditional
diffusion model in the latent space to derive speaker-aware repre-
sentations. Experiments on the VoxCeleb and CN-Celeb datasets
demonstrate that our method effectively isolates speaker features
from speech content using pre-trained speech representations.
The learned embeddings are robust to language mismatches
since the speaker embeddings become content-invariant after
content removal. Additionally, we design contrastive learning
experiments showing that our training objective can enhance the
learning of speaker-discriminative embeddings without relying
on classification-based loss.

Index Terms—Speaker verification, disentangled speech rep-
resentation, latent diffusion model, variational autoencoder, pre-
trained speech model

I. INTRODUCTION

A speech signal is represented as a one-dimensional wave-
form. Despite its apparent simplicity, a speech waveform
encodes a wealth of high-level information such as phonemes,
tone, emotion, gender, and speaker identity. However, at-
tributes like speaking style, prosody, recording conditions, and
noise levels are challenging to annotate [1], [2].

To extract accurate speaker representations and mitigate the
impact of speech content variation, existing methods employ
phonetic content representations as a reference for speaker em-
beddings. Specifically, these methods include: (1) leveraging
pre-trained automatic speech recognition (ASR) models [3],
[4], [5], [6], [7] and (2) utilizing jointly trained multi-task
models with additional modules for content representation [8],
[9], [10]. These approaches demonstrate that incorporating
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content representations enhances speaker recognition perfor-
mance.

However, both strategies face limitations in practical appli-
cations. Pre-trained ASR models significantly increase model
size and computational complexity during inference, often
by one or two orders of magnitude compared to speaker
recognition models. Meanwhile, joint training with additional
modules requires either a separate dataset with both text labels
and speaker identities or a unified dataset containing both,
which is often costly and challenging to obtain.

Disentangled representations have garnered considerable
attention in recent research due to their ability to capture
distinct variations in data generation. These variations often
carry semantic meaning, facilitating the removal of irrele-
vant factors and reducing sample complexity for downstream
learning tasks. In speaker verification, an ideal disentangled
representation can isolate time-invariant features (e.g., speaker
characteristics) from dynamic information (e.g., speech con-
tent). Moreover, downstream tasks such as speech recognition
and speaker classification can benefit significantly from these
representations by utilizing the separated components to im-
prove representation learning.

Recent studies have investigated disentangled representa-
tion learning through frameworks such as variational au-
toencoders (VAEs) [11], [12] and generative adversarial net-
works (GANs). Some approaches, like 5-VAE [13], proposed
new objective functions that constrain the information en-
coded in content and speaker representations. Models such as
SpeechTripleNet [14], AnnealVAE [15], and JointVAE [16]
set channel capacity for distinct latent variables to promote
disentanglement. InfoGAN [17] divided the latent space and
incorporated a mutual information regularization term into
the standard GAN loss to enhance disentanglement. Similarly,
Mathieu et al. [18] partitioned the encoding space into style
and content components, employing adversarial training to
encourage data points within the same class to share content
representations while maintaining diverse style features.

However, Gaussian VAE-based models suffer from several
limitations, including poor reconstruction quality and dimin-
ished generative performance when handling complex data
distributions. These models tend to produce samples that
collapse toward the distribution center and frequently fail
to achieve effective disentanglement. A major contributing
factor is that the training objective often prioritizes optimizing
the inference network at the cost of the generative model,
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causing the encoder to over-regularize the decoder [19], [20],
[21]. Additionally, it is challenging to balance the retention
of rich information in the latent code while ensuring high
sampling quality in VAEs [22], [23], [24], [21]. Although
GAN-based models are powerful, they are difficult to train
and require careful hyperparameter tuning [25], [26]. GAN-
based models are also prone to training instability [27] and
mode collapse [28].

Denoising diffusion models have recently demonstrated
superior performance in disentangled representation learning,
offering more stable training and higher representation fi-
delity compared to GANs and VAE-based models. Diffu-
sion models address the challenge of representing complex,
high-dimensional probability distributions by decomposing the
problem into 7' incremental steps. At each step, the model
transforms the noise data from a simpler distribution (e.g., the
simplest Gaussian prior at ¢ = 7T") to a more complex one (e.g.,
the real data distribution at ¢ = 0). This iterative inference
and denoising paradigm enables the model to map a simple
distribution to a complex one through gradual refinement
over many steps. However, the latent variables produced by
diffusion models often lack high-level semantics and other
desirable properties, such as speaker features.

To overcome the aforementioned limitations, we condition
a denoising diffusion implicit model (DDIM) [29] on speaker
features and propose a disentangled sequential model that
leverages the capabilities of the DDIM to learn multi-level
representations. Specifically, we employ a learnable speaker
encoder to capture utterance-level speaker characteristics while
the DDIM decodes and models the Gaussian variations in data.
A latent vector represents the speaker features, and additional
frame-level latent vectors capture dynamic information such as
speech content. The DDIM’s forward and generative processes
are conducted within the joint latent space of speaker features
and speech content.

We applied our proposed disentanglement method to the
speech representations generated by the pre-trained models
WavLM [30] and HuBERT [31]. This paper substantially
extends our earlier work in [32]. Compared to the earlier
conference version, we conducted comprehensive experiments
on two speaker verification datasets, VoxCeleb and CN-Celeb,
demonstrate that our method effectively extracts accurate
speaker embeddings. Even in cases of language mismatches,
the model continues to produce discriminative speaker em-
beddings. Additionally, we performed contrastive learning
experiments, showing that without relying on classification
loss, our disentanglement method enables the contrastive loss
to learn a feature space in which embeddings of the same
speaker are compact.

The contributions of this paper are summarized as follows:

1) We propose a disentangled latent diffusion autoencoder
(DLD-AE) that aims at separating static (speaker char-
acteristics) and dynamic (speech content) factors in
sequential audio data. Our method extends the sequential
VAE framework by incorporating a diffusion process
into the context modeling, which enhances the learning
of the speaker discriminative space.

2) We implement the DDIM within the joint latent space
of speaker and speech features, which simplifies and ac-
celerates the denoising process. Conditioning on speaker
features allows for generating meaningful latent vectors
for decoding.

3) We demonstrate that removing content information from
a pre-trained Transformer model enhances the robustness
of the embedding vectors against language mismatches.

II. BACKGROUND

Denoising diffusion probabilistic models (DDPMs) and
score-based generative models represent generative approaches
that model a target distribution by reversely removing noise
at different noise levels. In the denoising process, a Gaussian
noise sample from a prior distribution N (0, I') are iteratively
refined through 7' denoising steps to reconstruct a clean sam-
ple. Ho et al. [33] introduces a noise approximator €g(x¢,t),
which takes in a noisy input x; at step ¢ and uses a U-Net
to predict the noise € ~ N (0, I) that was added to the clean
data xg to yield x;. The training objective involves minimizing
the discrepancy ||€g(x¢,t) — €||3. This framework effectively
simplifies the variational lower bound for the marginal log-
likelihood, leading to the widespread adoption of DDPMs in
recent studies [34], [35].

In this work, we introduce a diffusion model in the latent
space of an VAE-style model, where we define a Gaussian
diffusion process at step ¢ (out of a total of T steps) that
progressively introduces noise into the input latent audio
representation zg. Specifically, the forward diffusion process
is defined as

Q(Zt|zt—1) = N(Zt; VvV1i- 5t—1zt—1vﬂt1)7 (D

where (; is a hyperparameter representing the noise level at
step t. As a result of this Gaussian diffusion, the noisy version
of the original audio 2 at step ¢ is given by another Gaussian:

q(2t|z0) = N (215 Varzo, (1 — ay)T), 2)

where a; = [[L_,(1 — 8;). We aim to learn the reverse pro-
cess, which involves estimating the distribution pp(z:—1|2¢).
This distribution is complex unless the gap between ¢ — 1
and ¢ is infinitesimally small, i.e., ' — oo. In this ex-
treme case, the distribution pg(z;—1|2¢) can be modeled as
N (z¢—1; po(ze,t), 09(21,t)) [33]. Among the methods to
approximate this distribution, an effective approach is to
use €g(z¢,t), which we discussed earlier. In practice, the
assumption of 7' — oo is not achievable, implying that a
DDPM can only produce approximate representations.

As a latent-variable model, a DDPM produces latent vari-
ables zj.r during the forward diffusion process. However,
these variables are stochastic and encapsulate Gaussian noise,
representing a gradual degradation of the audio rather than
containing significant semantic content. To address this limi-
tation, Song et al. [29] introduced a variant known as DDIM,
which uses €y(z,t) to generate z;_; from z;:

—v/1= t
W) +1/1— 1 — oteg(2zi,t) + or€r,
NET

Ny (n
3)
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where €, ~ N(0,I) is standard Gaussian noise that is
independent of z;. In the special case when ¢; = 0 for all ¢ in
Eq. 3, the reverse process is deterministic. Unlike traditional
DDPMs, a DDIM utilizes a deterministic approach for the
generative (reverse) process, providing more structured control
over the diffusion and denoising stages.

The DDIM maintains the marginal distribution in the
DDPM, i.e., ¢(2¢|z0) = N (z¢; \/a: 20, (1—ay)I). In this way,
the DDIM shares the same objective function as the DDPM,
differing only in the sample generation methods. Specifically,
in DDIM, the reverse diffusion process pg(zi—1|2¢) is im-
plemented by a Gaussian distribution with zero covariance (a
deterministic process) using the predicted noise €g(z,t), i.e.,
Eq. 3 with o, = 0.

Using the DDIM framework, the generative (reverse) pro-
cess becomes deterministic. From this perspective, the DDIM
functions as a decoder, mapping the latent variable z7 back to
the original input sample zg. Although this approach provides
an accurate input reconstruction, z7 lacks high-level semantic
features that characterize a meaningful representation. This
observation motivates the development of novel strategies to
enhance the DDIM, incorporating mechanisms that enrich the
semantic content of their latent variables, as we propose in
this work.

III. METHODOLOGY

We denote the input speech sequence as z;.ny =
(1,22,...,2N), Where x; is the filter-bank feature vector
corresponding to the ¢-th frame, and N is the number of
frames in the sequence. To facilitate an informative global
latent representation zp for the decoding process, we introduce
a conditional DDIM decoder, represented by pg(zi—1|2¢, fs)-
This decoder is conditioned on an auxiliary latent variable f
obtained through a speaker encoder fs = Ency (1), which
maps the entire input sequence 1.y to speaker representation
fs- fs is fed into two linear heads to produce the mean vector
1 and standard deviation vector o 5. Then, the speaker vector
s is obtained by sampling the Gaussian distribution defined
by these mean and standard deviation vectors. The module
“Switch” in Fig. 1 changes the dimension of s by repeating it
N times so that the resulting matrix can be concatenated with
dynamic content latents c¢;.y. We refer to the network in Fig. 1
as Disentengled Latent Diffusion—AutoEncoder (DLD-AE).

A. Speaker Encoder

We utilize an ECAPA-TDNN model [36] to transform
the input speech sequence xi.n to a representative vector
fs. This vector captures crucial speaker information for the
DDIM decoder (the yellow boxes in Fig. 1), expressed as
po(2zi—1|zt, fs), to perform the denoising process and predict
the output latent vector Zy = (zo, fs). By conditioning
DDIM on an enriched information vector fs, we enhance the
efficiency and accuracy of the denoising operation, ultimately
leading to a more reliable generation of latent representations.

B. Content Encoder

We employ an LSTM with two linear heads as the content
encoder to transform xi.n into ¢i.ny, where c¢; denotes the
dynamic state learned at frame ¢. We assume that each c¢;
depends on the preceding dynamic variables, denoted as c; =
{Co, Ciy..., ci—1}7 with ¢ = 0.

C. Reverse Diffusion Process

Our proposed conditional DDIM’s reverse process utilizes
the input 2,1 = (2, fs), which comprises the DDIM
encoder’s output and speaker representation, to generate an
output latent vector. Using a denoising U-Net, each block
of the conditional DDIM decoder models the probability
distribution pg(z¢—1|2:, fs):

N(thl; f@(zla 17 fs)? U%I)
QO'(zt—1|zt7 fe(ztv ta f&))

ift=1,
otherwise ’

4)
where o7 is set to 0. Following the approach in Song et
al. [29], the inference distribution ¢, in Eq. 4 is defined as
follows:

4o = N(ztlh/atlf@(ztat, fs)

po(zi-1lze, fs) = {

_ t, fs
+ 1_at71_0_t2.Zt \/aiife(zta ,f),O'?I)
V - &g
(5)

where o, is set to 0. We implement fy in Eqgs. 4 and 5 using
a noise prediction network €g(z¢,t, fs):

zy — 1 —aveq(ze,t, f)

fo(zt,t, fs) = Denoise(z¢,t, fs) = NG ©

where €y is implemented by a U-Net as shown in Fig 1.
The training process involves optimizing the Lpppy loss
with respect to parameters 6 and ¢:

T
EDD[M:ZEZO,Q[ | €o(zt,t, fs) — € ||§L (7
t=1
where fs = Ency(x1.n), € ~ N(0,I), 2, = Jauzo +
v1— o€, and T is an integer, e.g., 100. Note that this
simplified loss function optimizes the DDIM but does not
optimize the actual variational lower bound.

D. Disentangled Sequential Variational Autoencoder

We define the global latent representation as zg = (8, ¢1.n)-
Our formulation is based on the intuition that sequence varia-
tions can be decomposed into time-dependent dynamic compo-
nents {¢;} and a static component s. We assume independence
between the static variable s and the dynamic variables cy.y,
implying p(zo) = p(s,c1.ny) = p(s)p(ci.n). The static
component remains constant across all frames within a given
utterance but differs across different utterances.

In a speech signal, the phonetic transcription governs the
movement of the vocal tract and the produced sounds over
time, while the speaker’s identity remains fixed throughout an
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Fig. 1: The autoencoder comprises a speaker encoder, a content encoder, a conditional DDIM, and a speech decoder. The
speaker encoder utilizes an ECAPA-TDNN [36] to transform the input speech x;.)y into a speaker representation f,, which is
further transformed to p® and o® through two linear heads. Similarly, u$. and of., can be obtained from a long short-term
memory (LSTM) network with two linear heads. The “Switch” module changes the dimension of input vectors. For notational
simplicity, we use the same symbols before and after the change of dimension. The dotted brace represents Gaussian sampling,
which is performed by a reparameterization trick [37]. A conditional DDIM that serves as both a stochastic encoder zy — zr

and a deterministic decoder z;_; = Denoise(zy, fs,t). z0 €

Zr,Zr_1,...,21 have the same dimensions as zg.

utterance. Based on these assumptions, we derive the following
complete likelihood [38]:

p(wltN» ZO) = p(wl:Nv S, cl:N)

= p(S, Cl:N)p(fcl:N|37 C1:]\7)

N
=p(s) | [[ pleile<i)p(@ils, i)
i=1
We define p(s) in Eq. 8 as a standard Gaussian N (s;0,I).
We assume that p(c;|c<;) follows a Gaussian distribution:
pleile<s) = N(ei pi(e<i), diag((o5(c<))?)),  (9)
where p;(-) and o;(-) can be modeled by an LSTM followed
by two linear heads. Since both p;(-) and o;(-) are conditioned
on the temporal context c.;, their derivation at frame ¢ requires
access to the history c.;. To sample ¢; from p(c;|e<;), ¢i—1
is first passed through the LSTM cells to forward one step,
generating p;(+) and o;(-) via linear transformation layers.
The reparameterization trick is then applied to draw a sample
from the resulting distribution [39], [40].

To derive latent representations solely from the observed
data x,.ny, where speaker characteristics and content are
entangled, we aim to learn a posterior distribution ¢(zo|®1.5)
that disentangles these two components. Specifically, we use
variational inference:

Q(ZO|SU1:N) = Q(Clzz\u 3\331:1\/)

= q(cr.n|z1n)q(s|T1.N)
N (10)
— q(slaw) [ alcilecs @in)-
i=1
The speaker latent posterior follows a Gaussian distribution:
q(slzin) =N (s;p° (@1.n), diag{(o*(z1.n))?}), (11
where the mean and standard deviation vectors, p®(-) and

o°(-), are modeled by an ECAPA-TDNN [36] with two linear
layers. Similarly, we define:

®)

q(cileci,x1n) = N (€5 ps (w18, c<i), diag{ (0§ (z1.nv, c<;))

12)

R2PXN " where D is the dimension of ¢; and s. Similarly,

where pf(-) and of(-) are obtained by passing the inputs c;
and x;. through bidirectional LSTMs, followed by an RNN
and two linear layers. The reparameterization trick is applied
to sample s and {c;}¥ ;.

Previous studies have introduced similar parameterizations
of dynamic variables through recurrent networks [39], [40].
The standard approach for learning latent representations is to
maximize the evidence lower bound (ELBO) [11], [41]:

“;?},X]Ezw~pn<zw> Eq(zolz1.n) l0g P(®1:8]20) — KL[g(20|Z1:5) || (20)] ]|

reconstruction term prior matching term

(13)
where pp(@1.n) represents the empirical data distribution and
KL[-||-] denotes Kullback-Leibler (KL) divergence. Under the
assumption that s and c¢;. are mutually independent in the
posterior, the KL-divergence term is simplified as

KL[g(zo|z1.n) || P(20)] = (14)
KL[g(s|z1.~) || p(8)] + KL[g(c1.n|®1.8) || P(€1:n)]

where the second term is approximated using sampled trajec-
tories of the dynamic variables c;.n.

We define the disentangled
autoencoder (DSVAE) loss as
the log-likelihood:

sequential  variational
the negative ELBO of

EDSVAE = Epg(mlzN)Eq(zdml;N) [logp(wl:N|zO)‘|
(15)

+KL[q(s[z1.n) || p(s)]

+ KL[q(Cl:N|w1:N) || p(cl:N)] .

The first term in Eq. 15 corresponds to the reconstruction
loss, while the next two terms correspond to the KL divergence
between the posterior and prior distributions of the time-
variant content embeddings {c;}¥ ; (Eq. 10 and 12) and the
time-invariant speaker embeddings s (Eq. 11), respectively.
Specifically, the reconstruction loss is computed through the

2}1)e,an squared error (MSE) between the decoder outputs and

inputs. The KL divergence terms can be computed analytically
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Fig. 2: The schematic illustrates the proposed contrastive speaker embedding approach with sequential disentanglement.
“Aug” refers to the augmentation performed on the speech. Feature extraction involves the process of Fbank extraction and
representation learning. f! is the speaker feature augmentation of fs and ¢, is the content augmentation of ¢;.y. f, can
be seen as the positive sample for the anchor fs. The dashed arrows inside the speaker encoder and content encoder indicate
Gaussian sampling, performed using the reparameterization trick [37]. After training, the vectors produced by the f, are utilized

as speaker embeddings.

as both the priors and posteriors of s and {c;} ; are assumed
to be Gaussian distributed [42].

E. Contrastive Speaker Embedding with Sequential Disentan-
glement

We combine the sequential disentanglement method in [38]
and contrastive learning in [43], [44], [45] to enhance the
contrast between the speaker embeddings of different speakers
without interfered by the content variations in their utterances.
This method incorporates a disentanglement technique into
a contrastive learning framework, adopting a SimCLR-like
structure with a supervised contrastive loss. As depicted in
Fig. 2, we utilize the supervised contrastive loss to distinguish
positive examples of a particular class from negative examples
belonging to other classes, using the provided labels. The
original and augmented speaker embeddings are incorporated
into the supervised contrastive loss:

& F9)/7)
a€A(d) exp(sim(fi, f&)/7)’

(16)
where sim(-) represents the cosine similarity. In Eq. 16, f!
is the anchor, fo is a negative sample, A(i) denotes the set
of negative sample indices relative to ff, fP is a positive
sample with respect to f!, and P(i) comprises the indices
of positive samples within the augmented batch (comprising
both original and augmented data). The scalar temperature
parameter is denoted as 7 € R™.

exp(sim( f!

»CSupCon Z | Z 1 E

F. Model Training

To ensure a meaningful condition for the speaker embedding
s, we optimize the speaker encoder using AAM-Softmax [46].

To train the network, we define the total loss: the AAM-
Softmax [46], DDIM loss (Eq. 7), and DSVAE loss (Eq. 15).
The last one can be treated as regularization. The combination
can be implemented as follows:

Lprpae = Laam-Sofimax + Lppiv + ALpsvag- (17

In our contrastive learning experiment, we incorporate the
SupCon loss (Eq. 16). Thus, the total loss becomes:

Lprpae-c = Lsupcon + Lppmr + ALpsvag- (18)

In Eq. 17 and Eq. 18, X is a hyperparameter that regulates
the impact of sequential disentanglement. During inference,
only the speaker encoder is used to extract speaker embed-
dings.

IV. EXPERIMENTS AND RESULTS
A. Implementation Details

We evaluated our proposed method on the CN-Celeb [47],
[48] and VoxCeleb [49], [50] datasets. HuBERT Large [31]
and WavLM Large [30] were chosen as the pre-trained models
for extracting frame-level acoustic features, and SpecAug-
ment [51] was applied to these features to create augmented
features. The speaker encoder used in our experiments was
ECAPA-TDNN [36]. We employed various augmentation tech-
niques by following the Kaldi’s recipe [52], including adding
noise, music, and background chatter using the MUSAN
dataset [53]. Furthermore, we introduced reverberation effects
by convolving the original waveforms with room impulse
responses (RIR) from the RIR dataset [54]. Each augmentation
type has a 60% chance of being selected.

Each training utterance was truncated to 3 seconds, and
we used mini-batches of 256 utterances for training. AAM-
Softmax [46] was employed with a margin of 0.2 and a scaling
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TABLE I: Performance of the baseline models and the proposed DLD-AE on VoxCeleb1-O, VoxCelebl-E, and VoxCelebl-H.
All experiments used ECAPA-TDNN as the speaker encoder and were trained on VoxCeleb2-dev. Results were obtained without
AS-Norm [57], [58] nor quality-aware score calibration [59]. For RecXi, the results are based on the setting RecXi(¢, ¢yin)

in [56].
. VoxCeleb1-O VoxCelebl-E VoxCelebl-H
Row | Input Feature | Disentanglement Method EER(%) minDCF | EER(%) minDCF | EER(%) minDCF
1 None 1.12 0.145 1.25 0.142 243 0.239
2 Fbank RecXi + Lssp [56] 1.19 0.107 1.29 0.141 2.46 0.227
3 DLD-AE (Ours) 1.01 0.101 1.28 0.153 2.35 0.213
4 HuBERT None 0.91 0.119 0.99 1.146 2.35 0.252
5 DLD-AE (Ours) 0.88 0.088 0.91 1.011 2.05 0.231
6 WavLM None 0.85 0.113 1.12 0.091 2.06 0.197
7 DLD-AE (Ours) 0.78 0.081 0.91 0.090 1.83 0.191

factor of 30. The learning rate was decreased by 3% after
every epoch. We used the Adam optimizer combined with the
CosineAnnealingWarmRestarts [55] learning rate scheduling
strategy.

For experiments utilizing pre-trained models, we initially
trained the speaker encoder with AAM-Softmax [46] for 20
epochs, followed by additional training using the objectives
defined in Eq. 7 and Eq. 15. For contrastive learning experi-
ments, the speaker encoder was first trained with Eq. 16 for
100 epochs and then further trained with Eq. 7 and Eq. 15.

B. Comparing with Existing Methods

To evaluate the effectiveness of our proposed DLD-AE,
we compared its performance with existing disentanglement
techniques. Table I shows the performance of models trained
on VoxCeleb2 and tested on VoxCelebl. Results are based
on Fbank features and features extracted from the pre-trained
models, with ECAPA-TDNN serving as the speaker embed-
ding network.

RecXi [56] is a disentanglement framework designed to
simultaneously model speaker traits and content variability
in speech. This framework employs three Gaussian inference
layers, each including a learnable transition model to extract
distinct speech components. Additionally, a self-supervised
loss, denoted as L), is introduced to disentangle content
dynamically using speaker identity labels only.

As shown in Table I, when using Fbank features, our DLD—
AE (row 3) outperforms the baseline ECAPA-TDNN (row 1)
and achieves competitive results compared to RecXi (row 2).
This demonstrates the effectiveness of our disentanglement
framework in improving speaker verification performance.
The results also show that our disentanglement technique
is particularly effective when applied to pre-trained features,
including HuBERT and WavLM features. For example, with
the WavLM features, DLD-AE (row 7) reduces the EER to
0.78% on VoxCelebl-O, compared to 0.85% without disen-
tanglement (row 6). A similar trend is observed for minDCF.
This improvement is attributed to our framework’s ability
to disentangle static speaker components, enhancing speaker
recognition effectively. The improvement highlights the im-
portance of modeling the dynamic contents in speech and
disentangling the speaker and content representations.

Table II shows the performance of our method and
other state-of-the-art methods when using pre-trained models

TABLE II: Performance of the baseline models and the pro-
posed DLD-AE on VoxCelebl-O using PTMs as frame-level
feature extraction. The training dataset is VoxCelebl-dev.

Row ‘ Feature ‘ System } EEl;l(%Zf?le];;irl?DCF
1 Whisper ECAPA-TDNN [62] 2.92 0.391
2 Whisper-SV [62] 222 0.307
3 wav2vec EF-wav2vec-large-finetune [63] 3.42 -

4 EF-HuBERT-large-finetune [63] 2.36 -

5 HuBERT ECAPA-TDNN 2.05 0.270
6 ECAPA-TDNN + DLD-AE 1.88 0.202
7 WavLM ECAPA-TDNN 1.73 0.221
8 ECAPA-TDNN + DLD-AE 1.61 0.142

(PTMs) as frame-level feature extractors. Evidently, among all
the PTMs, WavLM is the best frame-level feature extractor,
followed by HuBERT and wav2vec.

Unlike our previous work on parameter-efficient fine-
tuning [60], [61], we employed the Adam optimizer with the
CosineAnnealingWarmRestarts [55] learning rate scheduler
in this study. This combination results in enhanced perfor-
mance. The proposed DLD-AE can effectively extract speaker
features from HuBERT and WavLM features, highlighting
its capacity for disentangling speaker representations from
content representations.

C. Robustness to Language Mismatches

We also performed experiments on the CN-Celeb dataset.
Comparing row 2 with row 1 and row 4 with row 1 in
Table III reveals that utilizing English pre-trained models to
extract input features for the speaker encoder can enhance the
performance of Mandarin speaker verification. Additionally,
the comparison between row 3 and row 2, as well as row 5
and row 4, demonstrates that the DLD—AE, which retains only
speaker information, results in performance improvements.

The proposed method aims to mitigate the influence of con-
tent on pre-trained speech features. While removing content
information may reduce phonotactic information in speech
sequences, potentially affecting spoken language recognition,
it enables the generation of language-invariant speaker embed-
dings.

D. Ablation Study

We conducted ablation experiments to investigate the im-
portance of different components in the proposed DLD-AE.
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TABLE III: Performance of the baseline models and the pro-
posed DLD-AE on CN-Celeb. All experiments used ECAPA-
TDNN as the speaker encoder and were trained on CN-
Celeb1&2.

. CN-Celeb
Row | Input Feature | Disentanglement Method EER(%) | minDCF
1 Fbank None 8.93 0.509
2 None 8.89 0.504
3 HuBERT DLD-AE 8.57 0.467
4 None 8.65 0.471
5 WavlM DLD-AE 8.05 0.436

For these experiments, we used VoxCeleb2 as the training set,
VoxCelebl-test as the testing set, and we used CN-Celebl&?2
as the training set and CN-Celebl as the test set. We also
conducted experiments using DSVAE to perform the disen-
tanglement, which is essentially a VAE-based disentanglement
without the diffusion process. Results are shown in Table IV.

Comparing Row 6 with Row 5 in Table IV reveals that
adding the VAE can slightly improve performance. However,
a significant performance gain is observed when integrating
the diffusion processes into the VAE (row 7). The best
performance is achieved when the diffusion processes are
conditioned on the speaker embeddings (row 8). The same
conclusions are obtained regardless of which pre-trained mod-
els were used.

E. Comparison with ASR- or Contrastive Learning-based Sys-
tems

As mentioned in Section I, pre-trained ASR models can
benefit speaker recognition tasks. We compare our proposed
method with systems that leverage pre-trained ASR models
in two aspects: (1) using ASR models to provide phonetic
information for speaker recognition [65] and (2) initializing
the speaker encoder with pre-trained ASR model weights [6].
We also compare contrastive learning-based disentanglement
methods.

As shown in Table V, our method significantly outperforms
the systems in rows 1, 2, and 3. The primary reason is
that these systems do not use speaker labels. The system in
row 4 incorporates visual information and pseudo labels, yet
our proposed method performs better than it. Our proposed
systems (#10) outperform the systems that use pre-trained
ASR models (systems #5 and #6). A key advantage of our
method is that it achieves competitive performance without
requiring any ASR models.

We also applied the proposed method to supervised con-
trastive learning. Compared to row 7, the results in row 8
show that our method brings more noticeable improve-
ments to contrastive learning-based approaches. The proposed
method achieves the best results when combined with AAM-
Softmax [46]. This is because contrastive speaker embedding
assumes that the contrast between positive and negative pairs
arises from speaker identity rather than other explanatory
factors of wvariation [67], [68], such as linguistic content
and languages. However, speaker embeddings often contain
various types of information beyond speaker identity [69],
[70], and non-speaker factors can also contribute to contrasting

positive and negative pairs. This incorrect contrast introduces
nuisance information into the embeddings, leading to perfor-
mance degradation. Therefore, it is essential to disentangle
speaker factors from other sources of variation and use only
these factors in contrastive learning to ensure that the learned
embeddings are speaker discriminative.

FE. Impact of \

The hyperparameter A in Eq. 17 and Eq. 18 controls the
extent of DLD-AE’s contribution within the proposed frame-
work. In text-independent speaker verification, text content is
considered a nuisance, and ideally, this information should be
removed during the embedding learning process. Lin et al. [71]
proposed a frame shuffling approach to reduce content depen-
dency in positive samples. In contrast, our method explicitly
discards content information during contrastive learning to
emphasize speaker-specific features. While either shuffling the
frames in [71] or disentangling speaker information from con-
tent information can improve speaker verification performance,
they contradict the methods that incorporate (rather than
disentangle) phonetic information into speaker embeddings.
For instance, Liu et al. [72] employed multi-task learning
by integrating a phonetic classifier with a speaker classifier,
resulting in improved performance. Similarly, Wang et al. [73]
utilized phonetic information at both the segment (embedding)
and frame levels, demonstrating that while phonetic content at
the segment level could hinder SV performance, its use at the
frame level was beneficial.

In this subsection, we analyze the impact of varying A on
SV performance. We selected A ranging from 0.01 to 0.1,
incrementing by 0.01 at each step. The results, shown in Fig. 3,
indicate that for both EER and minDCF, when WavLM is used
as the pre-trained model, the best performance is achieved at

= 0.01, while the worst performance occurs at A = 0.1.
For HUBERT, the optimal result is observed at A = 0.02, with
performance declining as A increases. These findings suggest
that placing excessive emphasis on sequence decoupling may
negatively impact the model’s ability to learn discriminative
speaker embeddings.

Overall, this analysis indicates that the DLD-AE effectively
decouples speaker and content factors, aiding in the extraction
of speaker-specific information. However, excessive separation
of content information may hinder speaker verification perfor-
mance.

G. Impact of Diffusion Steps

The fast generation speed is a notable advantage of making
the denoising process conditions on speaker features. One
major reason why standard diffusion models, such as DDPM,
require numerous sampling steps is that they can only ap-
proximate p(z;—1|2z:) with a Gaussian distribution when T
is sufficiently large (typically around 1000). In our work, we
employ DDIM for diffusion and denoising, which substantially
reduces the number of steps. Unlike standard DDPM, which
often requires hundreds or even thousands of iterative steps,
DDIM can generate high-quality samples in just a few dozen
steps. This efficiency is achieved through an explicit inference
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TABLE IV: Performance of the baseline models and the proposed DLD-AE on VoxCelebl-O by using PTMs as frame-level
feature extractors. The speaker encoder is ECAPA-TDNN, and the training datasets for VoxCeleb and CN-Celeb evaluations

are VoxCelebl and CN-Celeb1&2, respectively.

VoxCeleb1-O CN-Celeb

Row | Feature Disentanglement Method EER(%) | minDCF | EER(%) | minDCF
1 None 0.91 0.119 8.89 0.504
2 DSVAE [11] 0.90 0.093 8.84 0.509
3 | HUBERT | 11 b AE wo condition | 0.89 0.090 8.79 0.481
4 DLD-AE 0.88 0.088 8.57 0.467
5 None 0.85 0.113 8.65 0.471
6 WavLM DSVAE [11] 0.83 0.094 8.59 0.471
7 a DLD-AE w/o condition 0.81 0.084 8.37 0.452
8 DLD-AE 0.78 0.081 8.05 0.436

TABLE V: Performance of the proposed DLD—AE and the systems that leverage pre-trained ASR models or contrastive learning
for SV. The training dataset is VoxCeleb2-dev. Results were obtained without AS-Norm nor quality-aware score calibration.

VoxCelebl-O

VoxCelebl-E

VoxCelebl-H

Row System Speaker Labels  Pre-trained ASR Model EER minDCEF  EER  minDCF EER  minDCF
1 SimCLR + DSVAE [38] X X 6.37 0.533 7.36 0.574 11.72 0.677
2 MoCo + DSVAE [38] X X 6.29 0.534 7.17 0.567 11.42 0.668
3 MCL-DPP [64] X X 2.89 - 3.17 - 6.27 -
4 MCL-DPP-C [64] Pseudo label X 1.44 - 1.77 - 3.27 -
5 IPA [65] v v 1.81 - 1.68 - 3.12 -
6 NEMO [6] v v 0.88 0.137 1.08 0.134 2.20 0.225
7 SupCon [66] v X 2.48 0.278 2.51 0.285 4.76 0.450
8 DLDAE-CL (Eq. 18) v X 2.41 0.241 2.50 0.240 4.18 0.376
9 AAM-Softmax [46] v X 1.12 0.145 1.25 0.142 2.43 0.239
10 DLDAE-CL (Eq. 18) + AAM-Softmax [46] v X 0.95 0.099 1.09 0.118 2.18 0.201
1.2 \ \ \ \ \ \ 016
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Fig. 3: Results on VoxCeleb1-O for different A in Eq. 17, using WavLM Large and HuBERT Large as the PTMs. The training

dataset is VoxCeleb2-dev.

process that reduces the random noise term, making each step
more efficient and accurate. As illustrated in Fig. 4, the optimal
performance is achieved with 10 steps, while for HuBERT, the
best results are obtained using 20 steps.

H. Visualization of Speaker Embedding

We validated the effectiveness of the proposed disentangle-
ment method through visualization by analyzing the embed-
ding vectors of 20 speakers from the VoxCelebl dataset, with
each speaker having 100 utterances. To achieve this, we used
t-SNE to project the high-dimensional embedding vectors to
a two-dimensional space.

Fig. 5a shows the embeddings obtained using WavLM
features, while Fig. 5b presents the visualization results
after applying the disentanglement method. Additionally,
Figs. 5c, 5d, Se, 5f provide comparisons of the embedding
projected with and without the application of DLD-AE. From

these figures, it is evident that the embeddings become more
tightly clustered after incorporating DLD-AE. When content
information is removed, distinct boundaries emerge between
different speakers. This improved clustering effect clearly
demonstrates the effectiveness of our model in distinguishing
between speakers.

V. CONCLUSIONS

This paper introduces a sequential disentanglement frame-
work based on a latent diffusion model, designed to sepa-
rate speaker traits from content factors while utilizing only
speaker traits for classification. In our experiments, WavLM
and HuBERT were employed as pre-trained models to ex-
tract speech features. Additionally, we conducted experiments
incorporating supervised contrastive learning. Evaluation re-
sults on the VoxCelebl test set and the CN-Celeb dataset
indicate that the proposed method consistently outperforms
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Fig. 4: Results on VoxCeleb1-O for different numbers of diffusion steps in Eq. 17, using WavLM Large and HuBERT as the
PTMs. The training dataset is VoxCeleb2-dev.
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Fig. 5: Visualization of speaker-discriminative ability via ¢t-SNE embeddings. Each color represents a distinct speaker.

traditional baselines, demonstrating the effectiveness of in- T45-407/19-N), a GRF (No. 15228223), and the Research
tegrating sequential disentanglement with pre-trained models  Student Attachment Programme of HKPolyU.

or contrastive learning for obtaining speaker-discriminative

embeddings. Furthermore, the results on the CN-Celeb dataset

highlight the proposed method’s ability to effectively address

language mismatch issues.
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