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Abstract—We explore a speech enhancement framework
where neural speech embeddings, derived from pre-trained self-
supervised learning (SSL) models applied to noisy signals, are
used as inputs to a neural vocoder to generate the corresponding
clean speech. The primary innovation lies in enhancing these
latent neural embeddings to mitigate distortions caused by
noise and reverberation, resulting in a superior quality of the
synthesized signal. By dividing the process into Separate phases
for embedding enhancement and speech generation, the approach
allows for greater flexibility in network design. We also examine
the advantage of integrating hidden states from the SSL model
in a learnable manner to create a more robust embedding for the
vocoder input. Additionally, we investigate various loss functions
for training the neural vocoder. Experimental results confirm the
effectiveness of our proposed approach, particularly in environ-
ments with simultaneous background noise and reverberation.

Index Terms—embedding enhancement, speech embeddings,
generative speech enhancement, automatic speech recognition,
self-supervised learning

I. INTRODUCTION

The limited availability of large labeled and paired datasets
in deep learning for speech has led to a surge in the de-
velopment of self-supervised learning (SSL) models [1]-[3],
which are designed to extract meaningful representations from
unlabeled data. Pre-trained SSL models have shown their
potential as feature extractors across various tasks, allowing a
small back-end network to generalize effectively with minimal
training for different downstream applications, as reported in
the SUPERB benchmark [4].

Several prior studies have explored the use of SSL models
for speech enhancement. For instance, Zhao et al. [5] con-
ducted a denoising task by initializing encoder and bottleneck
parameters with a pre-trained WavLM model. In [6], [7], SSL
features were fine-tuned specifically for speech enhancement
enabling the estimation of masks from noisy SSL embed-
dings to recover clean speech. In general, SSL models typi-
cally transform speech input into low-dimensional embedding
features. Neural vocoders, commonly used in text-to-speech
(TTS) systems, generate synthesized speech waveforms from
low-dimensional speech features such as log-mel spectro-
grams [8]-[10]. To leverage the benefits of pre-trained SSL
models for generating compact representations and the neural
vocoder’s capabilities in speech generation, the Denoising
Vocoder [11] was proposed. This approach directly synthesizes
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Fig. 1: Proposed framework overview

clean speech from the distorted embeddings extracted by the
pre-trained HUBERT model [3] from noisy input signals. The
vocoder utilizes the HiFi-GAN architecture [12] to produce
a time-domain signal through a series of upsampling blocks
from the embedding features.

A recent study [13] explored the semantic information
encoded by SSL models by tokenizing and de-tokenizing
wav2vec2.0 embeddings. The HiFi-GAN vocoder was then
used to synthesize the clean speech estimate from these
processed embeddings. Miipher [14] also utilized SSL feature
information for speech synthesis, but this model generates
speech by conditioning enhanced features on a combination
of the ground truth transcript and the SSL embeddings. In this
paper, we investigate the model’s performance when only the
noisy speech signal is available.

Embeddings extracted from noisy inputs are likely to be
distorted, resulting in lower-quality synthesized speech. To
address this, we propose dividing the process into two stages:
a) enhancing the distorted embeddings and b) synthesising
clean speech from these improved embeddings. We aim to
optimize the respective networks for each stage individually.
The embedding enhancement network transforms SSL features
extracted from distorted signals into features that resemble
those from clean speech. Since the network preserves the
dimension of the pre-trained SSL features, these enhanced
features can seamlessly replace the SSL embeddings from
noisy inputs in downstream tasks, thereby straightforwardly
improving the system’s robustness to noise.

To achieve high-quality speech, we investigate methods to
further optimize the HiFi-GAN vocoder within the context of
speech enhancement (SE). We begin by comparing the baseline
mel-spectrogram loss with alternative loss functions commonly



used in speech enhancement, such as signal-to-distortion ratio
(SDR) [15], compressed linear spectrogram [16], and Huber
loss [17]. Regarding the input to the vocoder, it can theo-
retically be the latent representation from each hidden state
of the SSL model. Thus, we analyze the importance of these
latent representations at each hidden state and investigate the
impact of a learnable weighted combination of all states. This
approach offers deeper insights into the information from each
layer that is pertinent to the task of speech enhancement.

The remainder of the paper is organized as follows. Sec-
tion II describes the selection of pre-trained SSL models based
on environmental distortions. In Section III, We outline the
proposed framework and the optimization of the vocoder for
speech enhancement. Section IV demonstrates the effective-
ness of the approach and related metrics, while Section V
provides the conclusions drawn from our study.

II. SELECTION OF THE PRE-TRAINED SSL MODEL

Given the growing application of SSL models for generative
speech enhancement, our recent study [18] analyzed these
neural embeddings to gain insights into the information they
contain. Specifically, we quantified the preservation of speaker
and phonetic information, as well as the robustness of embed-
ding features to noise and reverberation, extracted from various
SSL speech models, including TERA [19], wav2vec2.0 [1],
wavLM [2], and HuBERT [3]. The analysis revealed that
HuBERT and wavLM preserved more phonetic information
compared to TERA and wav2vec2.0, while TERA demon-
strated the highest preservation of speaker information among
the models compared. For assessing robustness, we considered
two types of input distortions: additive background noise
and reverberation, achieved by convolving with room impulse
responses. The benchmark employed instrumental metrics,
including cosine similarity and normalized mean square error
(MSE), to compare embeddings extracted from clean speech
with those from the corresponding distorted versions. The
main finding was that additive noise caused more significant
distortion to the embedding features than reverberation, with
the distortion worsening at lower signal-to-noise ratios (SNRs).
Among the four pre-trained models, TERA generated the
most robust embedding features across all conditions. In the
context of speech enhancement, where the input speech is
subject to similar distortions, this robustness offers a significant
advantage, making TERA a strong candidate as the SSL feature
extractor. This choice is further supported by our results for
the speech enhancement task, as described in Section IV-D.

III. METHODOLOGY

Figure 1 provides a schematic overview of the proposed
method. First, we segment the signal and extract pre-trained
SSL feature embeddings xévmb, where N denotes the number
of layers, from the distorted speech data = for each frame.
For simplicity, N will be omitted in the subsequent sections.
The embedding enhancement network is then employed to
transform the distorted features into their clean counterparts.

Subsequently, a learnable weighted sum function within the

f(-) layer combines the enhanced representations from the
various hidden layers of the SSL model into a single refined
feature per frame. These refined features, denoted as Z ¢y, are
then fed into the vocoder network to produce the enhanced
speech signal.

A. Embedding Enhancement Network

The embedding enhancement network comprises four con-
volutional gated recurrent unit (ConvGRU) blocks, with each
block featuring two bidirectional GRU layers and one convo-
Iution layer. The bidirectional GRU layers capture long-term
temporal dependencies, while the convolutional layer adjusts
the input dimension to match the feature dimension required
for the vocoder input. We train the network by minimizing the
mean squared error (MSE) between the enhanced embeddings
and the clean embeddings, as follows:
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where Zcp,, and Y., represent the feature embeddings from
the enhanced and clean speech signals, and B denotes the
batch size.

In the case of using the last hidden feature, the loss is
computed using only this final hidden feature. For fixed
summation and learnable weighted summation, the loss values
are averaged across all layers.

Note that the embedding enhancement network is trained
in a task-agnostic manner to maximize flexibility, enabling its
application to various downstream tasks without the need for
re-training. Thus, the network directly estimates the clean SSL
features. To enable fine-tuning for specific tasks, a learnable
weighting factor is introduced and trained according to the
requirements of the downstream task.

B. Vocoder

We utilize the HiFi-GAN [12] neural vocoder to synthesize
speech from the SSL feature embeddings. Unless stated oth-
erwise, the vocoder architecture adheres to the original HiFi-
GAN design. We adjust the vocoder parameters to match the
window size and frame shift of the pre-trained SSL model,
as described further in Section IV. Additionally, we align
the dimension of SSL feature embeddings with the input
dimension of the vocoder through a one-dimensional matching
layer and adapt the upsampling ratio for each block in the
neural vocoder.

We use the original adversarial loss as proposed in [12] and
optimize the generator loss specifically for the speech enhance-
ment task. In addition to the original L1 Mel-spectrogram
loss, we also investigate other loss functions commonly used
in speech enhancement, including the SDR loss:

spr = 10 0810 7”@ — 71”2 ) 2)

where y is the target signal and 3 is the synthesized estimate;
the compressed spectrogram loss:

Lyec = |IY]° = Y]l 3)



where Y is the synthesized speech magnitude spectrogram,
Y is the clean speech magnitude spectrogram, and c is a
compression factor; and the Huber loss [17], || - ||z, on the
compressed spectrogram, which calculates L1 loss when the
error values exceed a predefined threshold and switches to
mean squared error (MSE) loss below this threshold, thereby
combining the advantages of both loss functions. Lastly, we
investigate the Time-domain Huber loss applied to the syn-
thesized and clean speech in the time domain to determine the
optimal loss function.

Each hidden layer of the SSL model provides latent speech
representations, with each layer containing valuable infor-
mation about the underlying speech that can be utilized by
the vocoder. Consequently, the method of combining embed-
dings is crucial, as the speech generation process involves
upsampling this input. We investigate three approaches: (1)
utilizing a single, optimal, hidden feature; (2) employing a
fixed, equally weighted summation of all embedding layers;
and (3) incorporating a learnable weighted summation of all
embedding layers. These approaches are tested with different
SSL models (see Section IV), with a distinct set of weights
independently learned for each model.

IV. EXPERIMENTS
A. Experimental setup

The vocoder and the proposed embedding network are
trained using the Deep Noise Suppression (DNS) Challenge
2021 training set [20]. This dataset includes clean speech
samples from the Librivox dataset [21], which features record-
ings from 10,000 audiobooks in various languages. Addi-
tionally, noise samples are sourced from Audioset [22], with
supplementary augmentation from noise datasets such as
Freesound [23] and DEMAND [24]. For our experiments,
we utilized the English language subset of the aforemen-
tioned datasets for model training. To simulate reverberation,
we employed the openSLR26 and openSLR28 datasets [25].
We adhered to the SNR, reverberation time (RT60), and
other hyperparameters specified in the original DNS challenge
paper [26]. For the comparison of model performance and
analysis, the test set included both background noise and
reverberation. Background noise was sourced from the Noisex-
92 [27] dataset, with SNR levels set at (-7, 0, 5, 10, 15)
dB. We use the MIT Impulse Response Survey dataset [28],
which contains recorded room impulse responses, to generate
reverberation. For analysis, we utilized three distinct datasets:
a noisy test set (noise), a reverberant test set (reverb), and a
combined test set (noise+reverb).

The proposed system is evaluated against two baselines. The
first baseline, Clean Vocoder, is trained to synthesize clean
speech signals from embeddings extracted from clean data.
This naive neural vocoder serves as an upper bound for the
proposed system’s performance, representing the best available
speech quality when the embedding enhancement network per-
fectly maps distorted embeddings to clean speech embeddings.
The second baseline is the Denoising Vocoder [11], which

synthesizes clean speech from distorted embeddings derived
from noisy input signals.
B. System and training details

We employ the AdamW optimizer [29] with an initial learn-
ing rate of le-4 and momentum parameters (31, 82) set to (0.8,
0.99). Exponential learning rate scheduling is applied with a
decay rate of 0.999. The parameters of the HiFi-GAN vocoder
were adjusted to match the input specifications of the SSL
model. For example, to align with the pre-trained TERA model
and accommodate 16 kHz signals, the DFT size, window size,
and hop size in HiFi-GAN are set to 400, 400, and 160
samples, respectively. After the feature matching layer, the
channel dimension of the feature embeddings is reduced from
768 to 512, consistent with the original HiFi-GAN vocoder.
This reduction allows us to align the SSL model with the
baseline models for comparison. For loss and input analysis,
we first reduce the input embeddings to 80 dimensions to
match the dimension of the original vocoder input, which uses
80-dimensional mel spectrograms. Subsequently, the channel
is upsampled using ratios of (8, 5, 2, 2) and kernel sizes of (16,
15, 4, 4). The spectrogram compression factor ¢ in Equation (3)
is set to 0.6, as recommended in [16], and the threshold value
for the Huber loss is set to 1.0.

C. Metrics

Performance is evaluated using non-intrusive neural
network-based metrics, specifically DNSMOS [20] and
NISQAV2 [30], as intrusive metrics are less suitable for assess-
ing generative models [31]. DNSMOS is a robust instrumental
metric utilized to evaluate model performance in the DNS
Challenge. It involves training a combination of convolutional
and fully connected layers to estimate perceptual mean opinion
score (MOS) results. DNSMOS provides instrumental MOS
scores for overall quality (OVRL), signal quality (SIG), and
background noise (BAK) of the input signal, with higher scores
indicating better performance. Another non-intrusive speech
quality assessment metric, NISQAv2, provides a more detailed
evaluation of speech quality. It evaluates the given signal based
on MOS, noisiness (NOIS.), discontinuity (DIS.), coloration
(COL.), and loudness (LLOUD.), with higher scores indicating
better speech quality.

In addition, we use word error rate (WER) and character
error rate (CER) [32] to measure the speech intelligibility
of the enhanced signals. For this purpose, we employ two
different pre-trained ASR backends: wav2vec2.0' and Hubert?.
Both WER and CER follow a “lower is better” principle,
meaning that lower values indicate better recognition of the
speech signal.

D. Results

Choice of SSL model. To determine the optimal SSL features
for vocoder input, we implemented the vocoder using three dif-
ferent pre-trained SSL models: HuBERT, WavLM and TERA.

Thttps://huggingface.co/facebook/wav2vec2-base-960h
Zhttps://huggingface.co/facebook/hubert-large-1s960-ft



TABLE I: Vocoder performance with different SSL models, trained with the generator loss only. Use learnable weight summation of each

model as input.

SSL Model | DNSMOS | NISQAvV2

| OVRL SIG BAK | MOS NOIS. DIS. COL. LOUD.
Target | 3.668 3951 4209 | 4550 4251 4596 4301  4.476
HuBERT 3435 3725 4131|3256 3.637 3284 3331 3777
WavLM 3477 3755 4158 | 3354 3760 3355 3373 3817
TERA 3.607 3922 4160 | 4021 3.893 4.184 3823  4.224

TABLE II: Analysis with various types of generator loss functions
using noise+reverb.

. | DNSMOS | NISQAv2

Loss function

| OVRL SIG BAK | MOS
Distorted | 1.819 2545 1812 | 1.659
Mel-spectrogram 2.893 3241 3.859 2.035
SDR 1.841 2.047 4.014 1.117
Time-domain Huber 2.878  3.218 3.842 1.589
Compressed spec. | 3.170 3.483 4.044 | 2.145

We utilized a clean input waveform and employed hidden
features obtained through learnable weighted summation as
input to the vocoder network. The results are summarized in
Table I. It is important to note that the vocoders consistently
utilize the learnable weighted summation of all available
hidden states, including all four layers of TERA or all twelve
layers of HuBERT. Speech generated from pre-trained TERA
embeddings demonstrates superior scores in terms of speech
intelligibility, quality, and denoising, even though HuBERT
extracts three times more hidden features than TERA. This
supports the findings from the task-agnostic comparison of
SSL models in [18], which again highlighted TERA as a highly
suitable option. Based on these results, TERA is used in the
subsequent studies.

Generator loss function. Table II presents the instrumental
metric scores for different loss functions used in the vocoder
generator loss. The evaluation is conducted on both reverberant
and noisy data. It can be observed that the compressed spec-
trogram loss yields the best results across all metrics. Thus,
this loss function was selected as the generator loss function,
replacing the mel-spectrogram loss. Due to space constraints,
only the MOS score from NISQAv2 is presented. However,
we confirmed that the other NISQAv2 metrics showed similar
trends to those observed with DNSMOS.

Consequently, both the Clean Vocoder and Denoising
Vocoder baselines are trained using this generator loss with
the original HiFi-GAN adversarial loss. It is important to
reiterate their main difference: the Clean Vocoder synthesizes
speech using embeddings extracted from clean speech, while
the Denoising Vocoder aims to synthesize the underlying clean
speech from embeddings extracted directly from the noisy
input signal.

Embedding enhancement network. Table III benchmarks

the performance of the proposed two-stage framework, which
includes the embedding enhancement network. This network
comprises four ConvGRU blocks, a configuration that has been
shown to provide the most significant improvement in speech
signal quality and noise reduction compared to other setups. To
ensure that the enhanced embeddings are accurately mapped
to clean speech, we use the pre-trained Clean Vocoder model
to generate the underlying clean speech.

Overall, the Proposed. framework consistently outperforms

the Denoising Vocoder, demonstrating that the task-agnostic
embedding enhancement is indeed beneficial. The ASR per-
formance results in Table III focus only on background noise,
as prior research [18] has shown that background noise has
a more pronounced impact on embeddings than reverberation.
We verified this finding: using wav2vec2.0 as backend, the
noise test set yielded WER and CER scores of 47.60% and
35.95%, respectively, whereas the reverberant test set yielded
scores of 17.10% and 7.53%. This trend is also observed with
the HuBERT-based backend. The proposed system outperforms
the Denoising Vocoder and generally provides better than
directly using the noisy input.
Layer-wise analysis. To assess the impact of different layers,
we measure the distortion of the representation at each layer
using normalized MSE against the representation from clean
speech, following the methodology outlined in [18]. As shown
in Fig. 2, noise affects the embeddings more significantly
than reverberation, as indicated by larger deviations in the
distances. The representation from the last layer shows the
lowest normalized MSE.

Next, we investigate the layer-wise weighting factors relative
to the input distortion, as detailed in Table IV. The first row
shows the learnable weighting factors for distorted speech
input, while the second row represents the weighting factors for
clean speech input. The robustness analysis of the last hidden
feature, as depicted in Figure 2, aligns with the weighting fac-
tor results, which show that the last hidden feature is given the
highest weight. Therefore, for evaluating model performance
using a single embedding, we select the embedding from the
last layer.

Table V presents the performance results for different
combinations of TERA feature embeddings. The performance
with the last hidden feature is comparable to that with fixed
summation, indicating that fixed weighted summation might be
less effective than using a single robust feature. The learnable
sum approach achieved the highest performance, suggesting



TABLE III: Comparison with proposed embedding enhancement network. Evaluate with the combination of noise+reverb for T mark and tested
with each metric of DNSMOS and NISQAv2, and use noise for * mark and tested with pre-trained model of wav2vec2.0 and Hubert

Model | DNSMOST | NISQAv2f || wav2vec2.0-based ASR* | Hubert-based ASR*
| OVRL SIG BAK | MOS NOIS. DIS. COL. LOUD. || WER (%) CER (%) | WER (%) CER (%)
Clean 3.668 3951 4.209 | 4550 4.251 4596  4.301 4.476 9.27 3.25 5.78 1.73
Distorted 1.819 2.545 1.812 | 1.659 1.698 3.073  2.328 2.505 47.60 35.95 31.73 21.69
Clean Vocoder 3.569 3.886 4.102 | 3.751 3.546 399 3574 4.038 14.85 6.12 7.69 2.80
Denoising Vocoder 3.038 3.397  3.863 | 2.698 2966  3.579  2.699 3.384 51.08 30.94 41.63 24.85
Proposed. 3.285 3.606 4.027 | 2.779 3.204 3.009 2.737 3.597 45.73 27.50 37.34 22.68
TABLE IV: Weighting of each latent feature from the two baselines, 2 o o
Denoising- and Clean Vocoder, for the corresponding inputs. £ T £ £
o1 15 D 15 b 157
o [] N T N
Input | 1°" layer | 2" layer | 3¢ layer | 4'" layer B % T 5o » g .
Sos{ [ T | os{ [ 5| &ost
. c = c L=
DlStOI‘[ed _0018 0113 _0078 1'360 o mc:]ejngmudenghudden}muuenj o mddien,lhmdenjmduen,smgﬁ o mdden,lhugjmuuenjhnudenj
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TABLE V: Analysis with various types of input embedding combi-
nations, trained with all loss terms.

| DNSMOS | NISQAv2
Input combination
| OVRL SIG BAK | MOS
Last hidden 2.718 3.059 3.673 2.008
Fixed sum 2789  3.130 3.763 1.990
Learnable sum || 3.170 3.483 4.044 | 2.145

that even though a single robust hidden feature is valuable,
the model still benefits from incorporating information from
multiple embeddings to synthesize speech more effectively.

V. CONCLUSIONS

We proposed an embedding enhancement network that
maps distorted speech embeddings, obtained from pre-trained
SSL models applied to noisy and reverberant inputs, to the
embeddings of the underlying clean speech. These enhanced
embeddings are then used by a vocoder to generate clean
speech. After selecting TERA as the SSL model, experiments
were conducted to identify the optimal generator loss function
for the vocoder, resulting in the adoption of the compressed
spectrogram loss. Additionally, a layer-wise analysis was
performed to evaluate the robustness of embeddings from
different hidden layers under various input distortions. This
analysis revealed two key points: first, that additive noise
has a greater impact on embeddings than reverberation, and
second, that the final layer embedding is the most robust. These
findings were supported by the analysis of weighting factor
according to distortion type, which indicates contribution of
each hidden layer to speech enhancement. The best perfor-
mance was achieved using a learnable weighted combination of
all layers, demonstrating that incorporating information from
multiple embeddings remains beneficial. The proposed system,
which includes the embedding enhancement, consistently out-
performs the Denoising Vocoder baseline in both ASR tasks
and speech quality metrics, even under challenging conditions.

Fig. 2: Standardized MSE between the clean and distorted embed-
dings from pre-trained TERA models. Three types of distortions
(noise+reverb, noise, reverb) are simulated.
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