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Abstract
Speech enhancement significantly improves the clarity and intel-
ligibility of speech in noisy environments, improving communi-
cation and listening experiences. In this paper, we introduce a
novel pretraining feature-guided diffusion model tailored for effi-
cient speech enhancement, addressing the limitations of existing
discriminative and generative models. By integrating spectral
features into a variational autoencoder (VAE) and leveraging
pre-trained features for guidance during the reverse process, cou-
pled with the utilization of the deterministic discrete integration
method (DDIM) to streamline sampling steps, our model im-
proves efficiency and speech enhancement quality. Demonstrat-
ing state-of-the-art results on two public datasets with different
SNRs, our model outshines other baselines in efficiency and ro-
bustness. The proposed method not only optimizes performance
but also enhances practical deployment capabilities, without
increasing computational demands.
Index Terms: speech enhancement, denoising, conditional dif-
fusion model, feature-guided generative model

1. Introduction
In real-world application scenarios and hardware devices, clean
acoustic sources are inevitably contaminated by environmen-
tal noise, speaker interference, and codec degradation [1, 2].
This pollution leads to lower signal-to-noise ratios, which in
turn degrade the quality of signal collection and adversely affect
subsequent recognition or monitoring tasks. Consequently, de-
noising and enhancing the collected speech information becomes
a critical necessity. Speech enhancement technology is designed
to improve speech clarity and quality by separating the human
voice from various types of noise signals, thus improving listen-
ing comfort. Various automatic speech enhancement techniques
are currently in widespread use [3].

Facing to this issue, various classical algorithms were de-
veloped, aiming to leverage the statistical differences between
clean speech signals and environmental noise [4, 5]. However,
complexity is further compounded by factors such as the vari-
ability of noise sources, the wide spectrum of noise types, and
the particular difficulties presented by non-stationary superim-
posed noise [3]. On the other hand, recently proposed machine
learning-based algorithms extract more effective latent features
by learning acoustic representations and noise from data. Specif-
ically, the methodologies can be categorized into two different
types: discriminative and generative approaches [6].

Discriminative models employ supervised learning-based
machine learning algorithms to map noisy speech to its corre-
sponding clean speech target, and training with labeled speech
samples [7]. These methods are capable of extracting effective
features from a diverse set of clean and noisy speech pairs in

various domains, e.g. time, spectrum, cepstrum, or spatial dis-
tribution [5]. Discriminative models, while effective in specific
situations, often lack understanding of other real data. This limi-
tation means that it is difficult to go beyond their training data
and adapt to new noise types, reverberation, or signal-to-noise
ratio (SNR) [8]. It is also a concern to introduce the risk of
unexpected speech distortion, which may negate the benefits
of noise reduction. Moreover, reliance on a large number of
labeled datasets for training makes deployment more complex
and prevents them from being widely used in real applications.

On the other hand, recent advances in generative models
have significantly bridged these gaps. Generative speech en-
hancement algorithms use generative models (e.g., VAE [9],
GAN [10], flow-based models [11], and diffusion model [12])
to explicitly or implicitly learn the distribution of clean speech.
Unlike discriminative models that learn a mapping from noisy
speech to clean speech, generative models treat the speech en-
hancement task as a generative problem. Compared to discrimi-
native ones, generative models demonstrate greater robustness to
unseen scenarios and hold the potential to produce more natural
speech due to optimizing prediction performance while simul-
taneously learning the distribution of inputs. They also exhibit
superior noise handling and generalization capabilities. Genera-
tive models learn the overall distribution of speech data during
training. Therefore, they can capture and replicate subtle de-
tails and features of speech, thus preserving more of the original
sound quality [8].

In particular, diffusion model-based speech enhancement
methods have recently received more attention, demonstrat-
ing their ability to achieve improvements in acoustic synthe-
sis [2, 13, 14, 15]. Compared to other generative models, those
based on diffusion models exhibit superior enhancement effects,
demonstrate stable training, and possess strong generalization
capabilities regarding model architecture [6, 12]. Specifically,
approaches that utilize the diffusion process can be divided into
two categories. The first category uses a diffusion-based vocoder
to synthesize clean speech from an unconditional prior, with a
conditioning network processing noisy input to denoising and
improving speech for the vocoder [16]. The second category
directly models background noise or reverberation during the
forward diffusion process and generates clean speech in the re-
verse process. This method can be implemented either in the
time domain or the frequency domain [8].

Despite having been well improved and theoretically sup-
ported, diffusion-based approaches are still not the first choice for
generative speech enhancement algorithms in real applications.
Performance, efficiency, training steps, and inference time have
impeded their performance in speech enhancement [6]. In detail,
how to improve efficiency is the first challenge. To ensure high
sampling quality and performance, diffusion model-based meth-
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ods typically use hundreds of training/inference steps. In con-
trast, if inference is accelerated simply only by reducing the num-
ber of samples, the effectiveness of noise reduction decreases
exponentially [17]. Secondly, how to choose complementary
guidances to further improve the enhancement performance. Re-
searchers have discovered that conditional diffusion models can
achieve more stable and superior enhancement effects. How-
ever, they sometimes lose the semantic correspondence between
the conditional noisy speech and the synthesized clean speech.
Therefore, choosing the appropriate condition/guidance to steer
the generative process is crucial [6].

This paper introduces a pretraining feature-guided unified
diffusion model for efficient speech enhancement, named FUSE.
Utilizing two complementary acoustic features as outlined [18],
we incorporate spectral features into a VAE, leveraging its latent
feature map for the conditional diffusion model to improve the
efficiency. Additionally, we utilize another set of learning-based
pre-trained features as guidance/conditions during the reverse
process. To further improve efficiency, the deterministic dis-
crete integration method (DDIM) is employed [19], significantly
reducing the sampling steps. Our model not only achieves state-
of-the-art performance on two public datasets, but also surpasses
other baselines in terms of efficiency and robustness of SNR.
Overall, this algorithm marks a advancement in speech enhance-
ment, optimizing performance and efficiency without the need
for extra parameters or escalating computational complexity.

2. Related work
2.1. Speech enhancement

Traditional speech enhancement methods leverage the statisti-
cal features of the target and interference signals across various
domains, such as time, spectrum, cepstrum and spatial distri-
bution [20]. Conversely, machine learning-based techniques
aim to learn these statistical properties [7]. They can be catego-
rized into discriminative and generative models. The former is
dominated by predictive methods that use supervised learning
to learn a single best deterministic mapping between corrupted
speech y and the corresponding clean speech target x [7]. Com-
mon approaches include tf masking [21], complex spectral map-
ping [22], or operating directly in the time domain [23]. Genera-
tive models, on the other hand, implicitly or explicitly learn the
target distribution and allow to generate multiple valid estimates
instead of a singular and optimal prediction as for predictive
approaches [24]. Generative approaches include VAE-based ex-
plicit density estimations [9], normalizing flows adding invertible
transforms to obtain tractable marginal likelihoods [25], GAN
estimating implicit distributions [26], flow-based models [11]
and diffusion model-based approaches [12, 6].

2.2. Conditional diffusion models

Diffusion models are adept at not only generating data from a dis-
tribution p0 but can also from a specific conditional distribution
p0(x|c) when provided with a condition c. These conditions can
guide the generation process using specified conditional infor-
mation, ensuring the data produced meets particular conditions
or characteristics [27]. Those guidances could be class labels or
features related to the input data x. Additionally, there are spe-
cific sampling algorithms designed for conditional generation,
such as label-based conditions [28], self guidance [29], physical
based guidance [30], feature-based guidance [31], etc. These
conditional mechanisms are more conducive to the generation of
application-specific fields by using the control of other informa-

tion to generate results. Currently, conditional diffusion model is
also the most common method in various application scenarios
due to its highly specific and controlled outputs.

2.3. Denoising diffusion implicit model (DDIM)

Denoising diffusion implicit models (DDIMs) are a variant of
denoising diffusion probabilistic models (DDPMs) [19]. DDIMs
produce high-quality samples by gradually denoising data over a
series of steps. Unlike traditional DDPMs that typically require a
large number of steps to generate samples, DDIMs enable faster
sampling with fewer steps without significantly compromising
the quality of the generated data. In detail, they achieve this by
modifying the diffusion process to be non-Markovian, allowing
for an implicit inference of the denoising path, which in turn
allows for more direct and efficient sampling paths from the
noise distribution back to the data distribution. This modification
leads to more efficient and practical applications in various fields
such as image synthesis, text-to-image generation, and audio
synthesis. By reducing the sampling time while maintaining
output fidelity, DDIMs represent a significant advancement in
the field of generative models, making them suitable for real-time
applications and lowering computational costs.

3. Proposed method
In this section, we will introduce the proposed model, as illus-
trated in Fig. 1. It comprises three main components: 1) latent
feature extraction based on VAE, 2) pre-training feature guided
diffusion model, and 3) restore to clean speech.

3.1. Latent feature extraction based on VAE

We first obtain the spectrogram through a sliding window and
STFT, and input it to pass through the encoder of the VAE,
mapping the spectrogram to a latent space corresponding to the
variational distribution parameters. Then, we take this represen-
tation from the latent space as input for the following diffusion
model. By reducing the shape, we enhance the efficiency of
training within the diffusion model.

In detail, we treat the spectrogram obtained from STFT as
an image x. Assume that the VAE encoder defines a conditional
probability distribution qϕ(z|x), aimed at approximating the
true posterior distribution p(z|x). In the VAE, it is typically
assumed to be Gaussian distribution, with its mean and variance
parameterized by a neural network (the encoder network):

Mean : µ = µϕ(x); Variance : σ2 = σ2
ϕ(x), (1)

where µϕ(x) and σ2
ϕ(x) are the output of the encoder, and ϕ is

the parameters the model need to learn. Then, for the backpropa-
gation training, the reparameterization trick is applied to sample
the latent variable z. It includes extracting the noise ϵ ∼ N (0, I)
and transforming it using the following equation:

z = µϕ(x) + σ2
ϕ(x) · ϵ. (2)

As for the corresponding decoder, the training process ex-
pects decoder to learn a probability distribution pθ(x|z), and θ is
the learnable parameter of the decoder. For the loss function, we
use the reconstruction-based loss (MSE) together with the KL
divergence for training, which is often referred to as Evidence
Lower Bound (ELBO):

Loss := −ELBO = −Eqϕ(z|x)[logpθ(x|z)]+KL[qϕ(z|x)||pθ(z)].
(3)
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Figure 1: The workflow of the proposed FUSE method. It consists of three processes: latent feature extraction based on VAE (Sec. 3.1),
pre-training feature guided diffusion model (Sec. 3.2), and restore to clean speech (Sec. 3.3). Within these, we specifically highlight
three components that can enhance the efficiency and the parts that need to be trained or frozen during training process.

Algorithm 1 Conditional DDIM Training Process

1: Initialize the parameters of the model θ
′

2: Input: VAE latent features z, condition c, noise levels
{α1, α2, . . . , αT }

3: for each training iteration do
4: Sample a minibatch of latent features {zi} from z
5: Sample a minibatch of conditions {ci} from c
6: Sample noise level αt uniformly at random
7: Add noise to the data: z∗i = zi + αt · ϵi, ϵi ∼ N (0, I)

8: Compute loss: L(θ
′
) = E

[
||fθ′ (z

∗
i , ci, αt)− ϵi||2

]
9: Update the parameters θ

′
to minimize L(θ

′
) using gra-

dient descent
10: end for
11: return Trained model parameters θ

′

Algorithm 2 Conditional DDIM Sampling Process

1: Input: Trained model parameters θ
′
, condition c, initial

noise level αT

2: Initialize z∗T with noise: z∗T ∼ N (0, I)
3: for t = T to 1 do
4: Compute the noise level αt−1 for the previous step
5: Estimate the original noise ϵ̂t = fθ′ (z

∗
t , c, αt)

6: Compute the denoised sample for the next step:
7: z∗t−1 =

z∗t −αt·ϵ̂t√
1−α2

t

8: end for
9: return The generated data z∗

By gradient descent method, the network parameters of
encoder ϕ and decoder θ are adjusted and the loss function is
minimized to obtain the latent space representation z, which is
used as the input of following diffusion model. In particular, the
dimension of z is much smaller than the dimension of the input
x, which also ensures computational efficiency and optimizes
complexity during the diffusion model training process.

3.2. Pre-training feature guided diffusion model

We first employ an audio-pretrained model to extract general
acoustic features, and they serve as conditions for the following
diffusion model. This approach has two main purposes: 1)
Enhance the efficiency of feature extraction. We do not need
to fine-tune the pre-trained model, so we directly use a frozen

encoder to obtain the acoustic representations. 2) Since the
model is trained with a more diversified data, its representations
can provide guidance to the diffusion model for generation in the
correct direction, differing from the VAE’s latent space features.

Specifically, we use BEATs [32] as the backbone of pre-
training model. Extract data-driven representations from seg-
mented audio xori, denoted as c = BEATs(xori). Due to its
use of a complete pre-module, it requires no additional weights,
making it highly efficient. Then, this data-driven feature c will
be used as condition of the diffusion model.

As for DDIM, the forward process, which does not depend
directly on conditional guidance, can be defined as,

q(zt|z0) = N (zt;
√
αtx0, (1− αt)I), (4)

where the αt ∈ (0, 1) decreases as t increases. The joint distri-
bution of DDIM is:

q(z1:T |z0) = q(zT |z0)
T∏

t=2

q(zt−1|zt, z0). (5)

Combining this with Eq. 4, zt at any step can be obtained.
The reverse process can be written as ordinary differential

equation (ODE) without the limitation of Markov assumption:

zt =

√
αt√

αt−1
zt−1+ (6)

√
αt

(√
1

αt
− 1−

√
1

αt−1
− 1

)
ϵθ′ (zt, t, c),

where c is the condition from pretrained model feature map.
zt appears at both sides, so we estimate ϵθ′ (zt, t, c) with
ϵθ′ (zt−1, t− 1, c) by Euler method. Finally, compute the gen-
ertive latent space features z∗ at each step, that is:

z∗t =

√
αt√

αt−1
z∗t−1+ (7)

√
αt

(√
1

αt
− 1−

√
1

αt−1
− 1

)
ϵθ′ (z

∗
t−1, t− 1, c).

The training and sampling process of the proposed condi-
tional DDIM are shown in Alg. 1 and Alg. 2.

3.3. Restore to clean speech

In the final process, we decode the generated latent feature z∗

by a previously learned frozen decoder and convert this to clean
speech by inverse short time Fourier transform (ISTFT).
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Table 1: Speech enhancement results of two datasets average of five times. Values indicate mean and standard deviation, respectively.
Methods are sorted by the algorithm type, generative (G) or discriminative (D). In the gray background is our proposed method.

Method Type Training set POLQA ↑ PESQ ↑ ESTOI ↑ SI-SDR [dB] ↑ SI-SIR [dB] ↑ SI-SAR[dB] ↑ DNSMOS ↑

STCN [33] G WSJ0 2.64± 0.68 2.01± 0.55 0.81± 0.12 13.5± 4.7 18.7± 5.5 15.4± 4.7 3.34± 0.37
CDiffuse [34] G WSJ0-C3 3.08± 0.58 2.27± 0.51 0.83± 0.09 9.2± 2.3 19.8± 5.9 10.0± 2.3 3.43± 0.32
DVAE [33] G WSJ0 2.97± 0.63 2.31± 0.55 0.85± 0.11 15.8± 5.0 21.6± 6.1 17.6± 4.9 3.61± 0.29
SGMSE [8] G WSJ0-C3 2.98± 0.60 2.28± 0.57 0.86± 0.09 14.8± 4.3 25.4± 5.6 15.3± 4.2 3.70± 0.27
SGMSE+ [8] G WSJ0-C3 3.73± 0.53 2.96± 0.55 0.92± 0.06 18.3± 4.4 31.1± 4.6 18.6± 4.5 3.99± 0.19
FUSE (Step=6) G WSJ0-C3 3.91± 0.55 3.13± 0.54 0.91± 0.07 19.7± 4.2 31.5± 5.7 21.2± 4.8 4.10± 0.25

MetricGAN+ [35] D WSJ0-C3 3.52± 0.61 3.03± 0.45 0.88± 0.08 10.5± 4.5 24.5± 5.1 10.7± 4.6 3.67± 0.30
Conv-TasNet [36] D WSJ0-C3 3.65± 0.54 2.99± 0.58 0.93± 0.05 19.9± 4.3 29.2± 4.6 20.6± 4.5 3.79± 0.27

STCN [33] G VB 2.53± 0.66 1.80± 0.45 0.79± 0.12 11.9± 4.5 17.3± 4.9 13.8± 4.6 3.40± 0.34
CDiffuse [34] G VB-DMD 2.15± 0.57 1.79± 0.42 0.71± 0.11 3.2± 3.2 21.8± 7.0 3.4± 3.2 3.17± 0.29
DVAE [33] G VB 2.84± 0.61 2.08± 0.49 0.82± 0.11 13.9± 4.8 19.5± 5.9 15.8± 4.7 3.52± 0.31
SGMSE [8] G VB-DMD 2.66± 0.58 1.94± 0.47 0.81± 0.11 13.3± 4.3 23.5± 6.0 13.8± 4.2 3.76± 0.25
SGMSE+ [8] G VB-DMD 3.43± 0.61 2.48± 0.58 0.90± 0.07 16.2± 4.1 28.9± 4.6 16.4± 4.1 4.00± 0.19
FUSE (Step=6) G VB-DMD 3.80± 0.64 2.78± 0.55 0.86± 0.10 17.0± 3.6 28.9± 6.6 16.8± 4.1 4.18± 0.18

MetricGAN+ [35] D VB-DMD 2.47± 0.67 2.13± 0.53 0.76± 0.12 6.8± 3.1 22.9± 4.9 7.0± 3.1 3.51± 0.29
Conv-TasNet [36] D VB-DMD 3.13± 0.60 2.40± 0.53 0.88± 0.08 15.2± 3.9 26.5± 4.6 15.6± 4.0 3.68± 0.30

4. Experiment
4.1. Experimental setup

Datasets: We use WSJ0-CHiME3 and VoiceBank-DEMAND
datasets for the evaluation. We employ two datasets facilitates
cross-dataset evaluation, wherein testing is carried out on a dif-
ferent dataset than the one utilized for training.

Evaluation metrics: We use seven different standard met-
rics for fair assessment, including full reference algorithms
(POLQA, PESQ, ESTOI, SI-SDR, SI-SIR, and SI-SAR) and
non-intrusive metrics (DNSMOS).

Compared baselines: We compared our proposed method
with other five generative methods (STCN [33], CDiffuse [34],
DVAE [37], SGMSE, and SGMSE+ [8]) and two discriminative
methods (MetricGAN+ [35] and Conv-TasNet [36]).

Hyperparameters: The sampling rate of raw audio is 16
kHz. As for the STFT, the hop length between consecutive
windows is set to 128 samples, and Hann window is used for
smoothing. We standardize the spectrograms by trimming them
to T = 256 time frames. We set the step of reverse process to 6
to make the algorithm as efficient as possible.

Deployment: We train proposed model on four NVIDIA
A10 (24GB). Adam optimizer is utilized. The initial learning
rate is 0.0005, with a decay to 95% of every 10 epochs. A batch
size of 32 and a training duration of 100 epochs were selected.
The model was developed using PyTorch 1.12 under Python 3.9.

More experimental details are shown in the Appendix.

4.2. Result

The detailed results for WSJ0-CHiME3 and VoiceBank-
DEMAND datasets are shown in Tab. 1. Compared to all other
methods, our proposed approach demonstrates superior perfor-
mance across most metrics on two datasets, particularly in in-
dices such as POLQA, PESQ, and DNSMOS. This indicates
our method’s significant effectiveness in enhancing speech clar-
ity and overall quality. Notably, we only use six steps in the
reverse process of the diffusion model, significantly improving
efficiency compared to other methods. Moreover, our dataset
features randomly varied SNR, meaning it includes different
levels of noise interference, yet the variance of our method’s
results remains minimal, proving its robustness. In summary, our
method is capable of providing high-quality and efficient speech
enhancement in complex noise environments.

In addition, we did some ablation studies to test the effect

POLQA

Ours with BEATs
Ours with LEAF

Ours but unconditional

SGMSE+

PESQ

ESTOI SI-SDR

Figure 2: The results of different pretrained features and un-
conditional features training on WSJ0-CHiME3 dataset as a
function of the number of reverse diffusion steps.

of 1) w/wo conditional guidance, 2) different conditional guid-
ances, and 3) reverse diffusion step on the results, which are
shown in Fig. 2. We utilized the WSJ0-CHiME3 dataset for
training. The results indicate that unconditional methods were
not as effective and required more time to reach a stable state. In
contrast, conditional guided methods needed only a few steps
to generate speech of comparatively high quality. Additionally,
LEAF [38], another pre-trained model, showed results that were
not significantly different from those guided by BEATs. Be-
sides, compared to other methods, our approach achieves better
outcomes with fewer steps, demonstrating its efficiency.

5. Conclusion
This paper presented a novel pretraining feature-guided uni-
fied diffusion model, named FUSE, aimed at addressing the
efficiency and performance challenges in speech enhancement.
By integrating two complementary acoustic features and em-
ploying DDIM, our model significantly reduces sampling steps
while maintaining high-quality speech synthesis. Our approach
demonstrated state-of-the-art results on two public datasets. It
outperforms existing baselines in both efficiency and robustness,
offering a promising solution to the limitations of diffusion-based
methods in real-world applications.
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