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Abstract
Disentangled speech representation learning for speaker verifi-
cation aims to separate spoken content and speaker timbre into
distinct representations. However, existing variational autoen-
coder (VAE)–based methods for speech disentanglement rely
on latent variables that lack semantic meaning, limiting their
effectiveness for speaker verification. To address this limita-
tion, 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 uti-
lizes a conditional diffusion model in the latent space to de-
rive speaker-aware representations. Experiments on the Vox-
Celeb datasets demonstrate that our method effectively isolates
speaker features from speech content using pre-trained speech
representations.
Index Terms: Disentanglement, diffusion models, VAE, pre-
trained speech models, speaker verification

1. Introduction
A speech signal is represented as a one-dimensional wave-

form. Despite its apparent simplicity, a speech waveform en-
codes a wealth of high-level information such as phonemes,
tone, emotion, gender, and speaker identity. However, attributes
like speaking style, prosody, recording conditions, and noise
levels are challenging to annotate [1, 2, 3]. To extract ac-
curate speaker representations, existing methods employ pho-
netic content representations as a reference for speaker embed-
dings. Specifically, these methods include: (1) leveraging pre-
trained automatic speech recognition (ASR) models [4, 5, 6]
and (2) utilizing jointly trained multi-task models with addi-
tional modules for content representation [7, 8]. These ap-
proaches demonstrate that incorporating content representations
enhances speaker recognition performance.

However, both strategies face limitations in practical appli-
cations. Pre-trained ASR models significantly increase model
size and computational complexity during inference. Mean-
while, 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 chal-
lenging to obtain.

Disentangled representations have garnered considerable
attention in recent research due to their ability to capture dis-
tinct variations in data generation. These variations often carry
semantic meaning, facilitating the removal of irrelevant fac-
tors and reducing sample complexity for downstream learning
tasks. In speaker verification, an ideal disentangled representa-

tion can isolate time-invariant features (e.g., speaker character-
istics) from dynamic information (e.g., speech content). More-
over, downstream tasks such as speech recognition and speaker
classification can benefit significantly from these representa-
tions by utilizing the separated components to improve repre-
sentation learning.

Recent studies have investigated disentangled representa-
tion learning through variational autoencoders (VAEs) [9, 10]
and generative adversarial networks (GANs). Models such as
SpeechTripleNet [11], AnnealVAE [12], and JointVAE [13] set
channel capacity for distinct latent variables to promote disen-
tanglement. InfoGAN [14] divided the latent space and incor-
porated a mutual information regularization term into the stan-
dard GAN loss to enhance disentanglement. Similarly, Mathieu
et al. [15] 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.

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. Diffusion
models address the challenge of representing complex, high-
dimensional probability distributions by decomposing the prob-
lem into T incremental steps. At each step, the model trans-
forms the noise data from a simpler distribution (e.g., the sim-
plest Gaussian prior at t = T ) to a more complex one (e.g.,
the real data distribution at t = 0). This iterative inference and
denoising paradigm enables the model to map a simple distri-
bution to a complex one through gradual refinement over many
steps. However, the latent variables produced by diffusion mod-
els often lack high-level semantics and other desirable proper-
ties, such as speaker features.

To overcome the aforementioned limitations, we condition
a denoising diffusion implicit model (DDIM) [16] on speaker
features and propose a disentangled sequential model that lever-
ages the capabilities of the DDIM to learn multi-level repre-
sentations. Specifically, we employ a learnable speaker en-
coder 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 pro-
cesses are conducted within the joint latent space of speaker
features and speech content. We applied our proposed disen-
tanglement method to the speech representations generated by
the pre-trained models WavLM [17] and HuBERT [18]. Ex-
periments conducted on the speaker verification datasets Vox-
Celeb demonstrate that our method can effectively extract accu-
rate speaker embeddings.
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Figure 1: The autoencoder comprises a speaker encoder, a content encoder, a conditional DDIM, and a speech decoder. The speaker
encoder utilizes an ECAPA-TDNN [19] to transform the input speech x1:N into a speaker representation fs, which is further trans-
formed to µs and σs through two linear heads. Similarly, µc

1:N and σc
1:N 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 [20]. A conditional DDIM that serves as both a stochastic encoder z0 → zT and a deterministic decoder
zt−1 = Denoise(zt,fs, t). z0 ∈ R2D×N , where D is the dimension of ci and s. Similarly, zT ,zT−1, . . . , z1 have the same dimen-
sions as z0.

2. Methodology
We denote the input speech sequence as x1:N =

(x1,x2, . . . ,xN ), where xi is the filter-bank feature vector
corresponding to the i-th frame, and N is the number of frames
in the sequence. To facilitate an informative global latent rep-
resentation zT for the decoding process, we introduce a condi-
tional DDIM decoder, represented by pθ(zt−1|zt,fs). This de-
coder is conditioned on an auxiliary latent variable fs obtained
through a speaker encoder fs = Encϕ(x1:N ), which maps the
entire input sequence x1:N to speaker representation fs. fs is
fed into two linear heads to produce the mean vector µs and
standard deviation vector σs. Then, the speaker vector s is ob-
tained 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 c1:N . We
refer to the network in Fig. 1 as Disentengled Latent Diffusion–
AutoEncoder (DLD–AE).

2.1. Speaker Encoder

We utilize an ECAPA-TDNN model [19] to transform
the input speech sequence x1:N to a representative vector
fs. This vector captures crucial speaker information for the
DDIM decoder (the yellow boxes in Fig. 1), expressed as
pθ(zt−1|zt,fs), to perform the denoising process and predict
the output latent vector z̃0 ≡ (z0,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.

2.2. Content Encoder

We employ an LSTM with two linear heads as the con-
tent encoder to transform x1:N into c1:N , where ci denotes
the dynamic state learned at frame i. We assume that each
ci depends on the preceding dynamic variables, denoted as
c<i ≡ {c0, c1, . . . , ci−1}, with c0 = 0.

2.3. Reverse Diffusion Process

Our proposed conditional DDIM’s reverse process utilizes
the input z̃t−1 ≡ (zt,fs), which comprises the DDIM en-
coder’s output and speaker representation, to generate an out-

put latent vector. Using a denoising U-Net, each block of the
conditional DDIM decoder models the probability distribution
pθ(zt−1|zt,fs):

pθ(zt−1|zt,fs) =

{
N (zt−1; fθ(z1, 1,fs), σ

2
1I) if t = 1,

qσ(zt−1|zt, fθ(zt, t,fs)) otherwise
,

(1)
where σ1 is set to 0. Following the approach in Song et al. [16],
the inference distribution qσ in Eq. 1 is defined as follows:

qσ = N
(
zt−1;

√
αt−1fθ(zt, t,fs)

+
√

1− αt−1 − σ2
t ·

zt −
√
αtfθ(zt, t,fs)√
1− αt

, σ2
t I

)
(2)

where σt is set to 0. We implement fθ in Eqs. 1 and 2 using a
noise prediction network ϵθ(zt, t,fs):

fθ(zt, t,fs) ≡ Denoise(zt, t,fs) =
zt −

√
1− αtϵθ(zt, t,fs)√

αt
,

(3)
where ϵθ is implemented by a U-Net as shown in Fig 1.

The training process involves optimizing the LDDIM loss
with respect to parameters θ and ϕ:

LDDIM =

T∑
t=1

Ez0,ϵt

[
∥ ϵθ(zt, t,fs)− ϵt ∥22

]
, (4)

where fs = Encϕ(x1:N ), ϵt ∼ N (0, I), zt =
√
αtz0 +√

1− αtϵt, and T is an integer, e.g., 100. Note that this sim-
plified loss function optimizes the DDIM but does not optimize
the actual variational lower bound.

2.4. Disentangled Sequential Variational Autoencoder

We define the global latent representation as z0 ≡
(s, c1:N ). Our formulation is based on the intuition that se-
quence variations can be decomposed into time-dependent dy-
namic components {ci} and a static component s. We assume
independence between the static variable s and the dynamic
variables c1:N , implying p(z0) = p(s, c1:N ) = p(s)p(c1:N ).
The static component remains constant across all frames within
a given utterance but differs across different utterances.
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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 utter-
ance. Based on these assumptions, we derive the following
complete likelihood [21]:

p(x1:N ,z0) = p(x1:N , s, c1:N )

= p(s, c1:N )p(x1:N |s, c1:N )

= p(s)

[
N∏
i=1

p(ci|c<i)p(xi|s, ci)

]
.

(5)

We define p(s) in Eq. 5 as a standard Gaussian N (s;0, I). We
assume that p(ci|c<i) follows a Gaussian distribution:

p(ci|c<i) = N (ci;µi(c<i), diag((σi(c<i))
2)), (6)

where µi(·) and σi(·) can be modeled by an LSTM followed
by two linear heads. Since both µi(·) and σi(·) are conditioned
on the temporal context c<i, their derivation at frame i requires
access to the history c<i. To sample ci from p(ci|c<i), ci−1

is first passed through the LSTM cells to forward one step, gen-
erating µi(·) and σi(·) via linear transformation layers. The
reparameterization trick is then applied to draw a sample from
the resulting distribution [22, 23].

To derive latent representations solely from the observed
data x1:N , where speaker characteristics and content are entan-
gled, we aim to learn a posterior distribution q(z0|x1:N ) that
disentangles these two components. Specifically, we use varia-
tional inference:

q(z0|x1:N ) = q(c1:N , s|x1:N )

= q(c1:N |x1:N )q(s|x1:N )

= q(s|x1:N )

N∏
i=1

q(ci|c<i,x1:N ).

(7)

The speaker latent posterior follows a Gaussian distribution:

q (s|x1:N ) = N
(
s;µs(x1:N ), diag{(σs(x1:N ))2}

)
, (8)

where the mean and standard deviation vectors, µs(·) and
σs(·), are modeled by an ECAPA-TDNN [19] with two linear
layers. Similarly, we define:

q (ci|c<i,x1:N ) = N
(
ci;µ

c
i (x1:N , c<i), diag{(σc

i (x1:N , c<i))
2}
)
,

(9)
where µc

i (·) and σc
i (·) are obtained by passing the inputs c<i

and x1:N through bidirectional LSTMs, followed by an RNN
and two linear layers. The reparameterization trick is applied to
sample s and {ci}Ni=1.

Previous studies have introduced similar parameterizations
of dynamic variables through recurrent networks [22, 23]. The
standard approach for learning latent representations is to max-
imize the evidence lower bound (ELBO) [9, 24]:

max
p,q

Ex1:N∼pD(x1:N )

Eq(z0|x1:N ) log p(x1:N |z0)︸ ︷︷ ︸
reconstruction term

−KL[q(z0|x1:N ) ∥ p(z0)]︸ ︷︷ ︸
prior matching term

 ,

(10)
where pD(x1:N ) represents the empirical data distribution and
KL[·||·] denotes Kullback-Leibler (KL) divergence. Under the
assumption that s and c1:N are mutually independent in the pos-
terior, the KL-divergence term is simplified as

KL[q(z0|x1:N ) ∥ p(z0)] =

KL[q(s|x1:N ) ∥ p(s)] + KL[q(c1:N |x1:N ) ∥ p(c1:N )],
(11)

where the second term is approximated using sampled trajecto-
ries of the dynamic variables c1:N .

We define the disentangled sequential variational
autoencoder (DSVAE) loss as the negative ELBO of the
log-likelihood:

LDSVAE =− EpD(x1:N )Eq(z0|x1:N )

[
log p(x1:N |z0)

]
+KL

[
q(s|x1:N ) ∥ p(s)

]
+KL[q(c1:N |x1:N ) ∥ p(c1:N )

]
.

(12)

The first term in Eq. 12 corresponds to the reconstruction
loss, while the next two terms correspond to the KL diver-
gence between the posterior and prior distributions of the time-
variant content embeddings {ci}Ni=1 (Eq. 7 and 9) and the time-
invariant speaker embeddings s (Eq. 8), respectively. Specif-
ically, the reconstruction loss is computed through the mean
squared error (MSE) between the decoder outputs and inputs.
The KL divergence terms can be computed analytically as both
the priors and posteriors of s and {ci}Ni=1 are assumed to be
Gaussian distributed [25].

2.5. Model Training

To ensure a meaningful condition for the speaker em-
bedding s, we optimize the speaker encoder using AAM-
Softmax [26]. To train the network, we define the total loss:
the AAM-Softmax [26], DDIM loss (Eq. 4), and DSVAE loss
(Eq. 12). The last one can be treated as regularization. The
combination can be implemented as follows:

LDLDAE = LAAM-Softmax + LDDIM + λLDSVAE, (13)

where λ is a hyperparameter that regulates the impact of se-
quential disentanglement. During inference, only the speaker
encoder is used to extract speaker embeddings.

3. Experiments and Results
3.1. Implementation Details

We trained our method on VoxCeleb2-dev and evaluated on
the VoxCeleb1 [27, 28] datasets for speaker verification. Fea-
tures were extracted using HuBERT-Large [18] and WavLM-
Large [17], enhanced with SpecAugment [29]. The speaker
encoder was ECAPA-TDNN [19], and we applied four aug-
mentation types (room impulse, music, noise, babble) with a
0.6 probability each. Training used 3-second utterances and the
batch size was 256. We employed AAM-Softmax [26] (mar-
gin=0.2, scale=30) and reduced the learning rate by 3% per
epoch. Networks were optimized using Adam with CosineAn-
nealingWarmRestarts [30].

3.2. Comparing with Existing Methods

To evaluate the effectiveness of our proposed DLD–AE, we
compare its performance with existing disentanglement tech-
niques. As shown in Table 1, 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 disentan-
glement framework in improving speaker verification perfor-
mance. The results also show that our disentanglement tech-
nique is particularly effective when applied to pre-trained fea-
tures, including HuBERT and WavLM features. For example,
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Table 1: Performance of the baseline models and the proposed DLD–AE on VoxCeleb1-O, VoxCeleb1-E, and VoxCeleb1-H. All experi-
ments used ECAPA-TDNN as the speaker encoder and were trained on VoxCeleb2-dev. Results were obtained without AS-Norm [31, 32]
nor quality-aware score calibration [33]. For RecXi, the results are based on the setting RecXi(ϕ̃, ϕ̃lin) in [34].

Row Input Feature Disentanglement Method VoxCeleb1-O VoxCeleb1-E VoxCeleb1-H
EER(%) minDCF EER(%) minDCF EER(%) minDCF

1
Fbank

None 1.12 0.145 1.25 0.142 2.43 0.239
2 RecXi + Lssp [34] 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

Table 2: Ablation study on VoxCeleb1-O. DSVAE [9] incorpo-
rates AAM-Softmax.

Row
Input

Feature Disentanglement Method VoxCeleb1-O
EER(%) minDCF

1

HuBERT

None 0.91 0.119
2 DSVAE [9] 0.90 0.093
3 DLD–AE (w/o condition) 0.89 0.090
4 DLD–AE (Ours) 0.88 0.088
5

WavLM

None 0.85 0.113
6 DSVAE [9] 0.83 0.094
7 DLD–AE (w/o condition) 0.81 0.084
8 DLD–AE (Ours) 0.78 0.081

with the WavLM features, DLD–AE (Row 7) reduces the EER
to 0.78% on VoxCeleb1-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 dis-
entangle static speaker components, enhancing speaker recog-
nition effectively. The improvement highlights the importance
of modeling the dynamic contents in speech and disentangling
the speaker and content representations.

3.3. Ablation Study

We conducted ablation experiments to investigate the im-
portance of different components in the proposed DLD–AE. 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 2.
Comparing Row 6 with Row 5 in Table 2 reveals that adding
the VAE can slightly improve performance. However, a signif-
icant performance gain is observed when integrating the diffu-
sion 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 ob-
tained regardless of which pre-trained models were used.

3.4. Impact of λ

The hyperparameter λ in Eq. 13 controls the extent of
DLD–AE’s contribution in the proposed framework. We ana-
lyze the impact of varying λ on SV performance. We selected λ
ranging from 0.01 to 0.1, incrementing by 0.01 at each step. The
results, shown in Fig. 2, indicate that for both EER and minDCF,
when WavLM is used as the pre-trained model, the best perfor-
mance is achieved at λ = 0.01. For HuBERT, the optimal re-
sult is observed at λ = 0.02, with performance declining as λ
increases. These findings suggest that placing excessive empha-
sis on sequence decoupling may negatively impact the model’s
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Figure 2: Results on VoxCeleb1-O for different λ in Eq. 13,
using WavLM Large and HuBERT Large as the PTMs.
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Figure 3: Impact of diffusion steps on VoxCeleb1-O using
WavLM-Large and HuBERT as pre-trained models.

ability to learn discriminative speaker embeddings.

3.5. Impact of Diffusion Steps

In our work, we employ DDIM for diffusion and denoising,
which substantially reduces the number of steps. Unlike stan-
dard 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 process that reduces the random noise term,
making each step more efficient and accurate. As illustrated in
Fig. 3, the optimal performance is achieved with 10 steps, while
for HuBERT, the best results are obtained using 20 steps.

4. Conclusions
This paper proposes a sequential disentanglement frame-

work based on a latent diffusion model (DLD–AE) to decou-
ple speaker traits from content factors, leveraging only speaker
traits for speaker verification. Using WavLM and HuBERT as
pre-trained models to extract frame-level features and the la-
tent diffusion model for speaker-content disentanglement, our
method achieves the best performance on the VoxCeleb1 test
set. Experimental results demonstrate the effectiveness of in-
corporating sequential disentanglement with pre-trained models
for extracting discriminative speaker embeddings.
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