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Abstract—The effectiveness of one-shot voice conversion (VC)
decreases in real-world scenarios where reference speeches,
which are often sourced from the internet, contain various
disturbances like background noise. To address this issue, we
introduce Noro, a noise-robust one-shot VC system. Noro features
innovative components tailored for VC using noisy reference
speeches, including a dual-branch reference encoding module and
a noise-agnostic contrastive speaker loss. Experimental results
demonstrate that Noro outperforms our baseline system in both
clean and noisy scenarios, highlighting its efficacy for real-world
applications. Additionally, we investigate the hidden speaker
representation capabilities of our baseline system by repurposing
its reference encoder as a speaker encoder. The results show that
it is competitive with several advanced self-supervised learning
models for speaker representation under the SUPERB settings,
highlighting the potential for advancing speaker representation
learning through one-shot VC tasks.

I. INTRODUCTION

One-shot voice conversion (VC) alters the timbre of speech
from a source speaker to that of a target speaker using
just one reference speech sample from the target speaker,
while maintaining the semantic content of the original speech.
This task has been extensively studied in the deep learning
era, employing various methods and producing promising
results [1]–[5]. However, the strong performance of these
one-shot VC methods is mainly demonstrated in controlled
academic settings, where high-quality data is used for both
training and evaluation. As noted in [6]–[9], their effectiveness
significantly decreases in more challenging real-world scenar-
ios, where reference speeches often collected from the internet
are characterized by various interferences, such as background
noise, leading to suboptimal converted speech.

Few works have addressed this challenge to achieve noise-
robust VC. Some researchers [10], [11] attempt to integrate a
pre-trained or jointly trained speech enhancement module into
standard VC systems to improve robustness. However, these
methods are not end-to-end and inevitably increase computa-
tional costs during inference. Other researchers [7], [9], [12],
[13] suggest training strategies, such as data augmentation [7],
to mitigate the impact of noise. However, there is still room for
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improvement, especially in extremely noisy conditions where
the Signal-to-Noise Ratio (SNR) is below 5 dB [12].

To address these challenges, we introduce a novel noise-
robust one-shot VC system named Noro. Noro is built on
a one-shot VC baseline system based on diffusion. This
model is trained to generate speech from pitch and semantic
representations obtained through a source encoder and speaker
timbre representations via a reference encoder. To achieve
noise-robustness with noisy reference speeches, we focus on
learning speaker timbre representations that are agnostic to
noise. We hypothesize that maintaining noise-agnostic input
representations for the acoustic model will prevent its perfor-
mance from deteriorating due to noise interference.

Therefore, we propose the following designs: Firstly, we in-
troduce a dual-branch reference encoding module. This module
consists of two transformer encoders with shared weights: one
branch encodes clean reference speech, while the other encodes
its noisy counterpart generated through data augmentation.
Next, we devise a noise-agnostic contrastive speaker loss to
maximize the similarity between samples (whether clean or
noisy) from the same speaker while minimizing it for those
from different speakers. This loss ensures that the dual-branch
reference encoding module learns to represent speaker timbre
independent of the acoustic environment of the reference
speeches. Experimental results show that Noro significantly
enhances the robustness of our baseline system in diverse noisy
environments, with only a minor reduction in performance in
clean settings, making it well-suited for real-world applications
involving noisy reference speeches.

Additionally, inspired by [14], [15], we further investigate
the speaker representation capabilities of our baseline system.
The motivation stems from the fact that the reference encoder
within the VC systems, trained to encode the vocal timbre
of various speakers, including unseen ones, for one-shot VC,
inherently functions as a speaker encoder. This encoder de-
velops its capability to represent speakers in a self-supervised
learning (SSL) manner without needing explicit speaker labels.
Thus, we argue that the reference encoder might possess
hidden abilities to function effectively as an SSL speaker
encoder. To validate this hypothesis, we employ a pre-trained
reference encoder from our baseline one-shot VC system as
a speaker encoder, denoted as VC-SPK2VEC, and assess its
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Fig. 1: Model architecture of our baseline system and Noro.

speaker representation ability through a speaker verification
task under the SUPERB [16] setting. We compare its per-
formance against several state-of-the-art (SOTA) SSL models,
including Wav2vec [17], Wav2vec 2.0 [18], HuBERT [19],
and WavLM [20]. Surprisingly, VC-SPK2VEC achieves a
competitive Equal Error Rate (EER) of 5.32%, comparable
to these SOTA SSL models. This result underscores the po-
tential for leveraging one-shot VC tasks in advancing speaker
representation learning.

II. METHODOLOGY

In this section, we first introduce our baseline one-shot VC
system and Noro. As depicted in Fig. 1, Noro builds upon the
baseline system, but replaces its original reference encoders
with a dual-branch reference encoding module and a noise-
agnostic contrastive speaker loss.

A. The Design of Our Baseline System

1) Source Encoder: To derive semantic representations
from the source speech, our baseline system employs a pre-
trained and frozen HuBERT model [19], [21] as the semantic
extractor. This model encodes the source speech into con-
tinuous embeddings. We then apply K-Means quantization
to these embeddings. Instead of using K-Means cluster IDs
(discrete semantic tokens), we use the quantized continuous
embeddings, which preserve more information, for semantic
representation. The resulting semantic representation for the
source speech is denoted as ssrc. For pitch representations,
we use the open-source software PyWorld to extract frame-
level F0 values from the source speech. We apply min-
max normalization to these values and use them for pitch
representation, denoted as psrc. After extracting the semantic
and pitch representations, we employ a convolutional neural
network (CNN)-based encoder to simultaneously encode ssrc
and psrc, obtaining the final source representation hsrc.

2) Reference Encoder: To encode the speaker timbre in the
reference speech, we use a cross-attention scheme similar to
the speech prompting mechanism in NaturalSpeech 2 [22].
Specifically, we first employ a Transformer-based reference
encoder to convert the melspectrogram of the reference speech
into a hidden sequence. Instead of allowing the diffusion
model to directly attend to this hidden sequence, we employ

two attention blocks. In the first attention block, we use m
randomly initialized query embeddings to attend to the hidden
sequence, resulting in href, a hidden sequence of length m that
represents the reference speaker’s timbre at the utterance level.
In the second attention block, the output hidden sequence of
the WaveNet Layer serves as the query, while href functions
as both the key and value. The attention results of the second
attention block are then used as conditional information for a
FiLM layer in the final acoustic modeling process.

3) Diffusion Model: To enhance in-context learning for im-
proved one-shot generation, each training sample is randomly
segmented during the training phase. A segment comprising
25-45% of the total sample is designated as the reference
speech, while the remaining portion functions as both the
source and target speech. We utilize a WaveNet-based diffusion
model [22], denoted as sθ, to predict the melspectrogram
ztgt of the target speech. We describe both the diffusion
(forward) process and the denoising (reverse) process using
the stochastic differential equation. In the forward process,
Gaussian noise is added to the melspectrogram ztgt: zttgt =

e−
1
2

∫ t
0
βsdsztgt + (I − e−

∫ t
0
βsds)ϵ, where βt represents the

noise schedule function, ϵ denotes randomly sampled Gaussian
noise, and t ∈ [0, 1]. The reverse process can be formulated
as: dzttgt = −

(
1
2z

t
tgt +∇ log pt(z

t
tgt)

)
βt dt+

√
βtϵ.

sθ takes the noised melspectrogram zttgt, the time step t, and
the conditions of the source representation hsrc, containing both
semantic and pitch information, and the reference representa-
tion href, containing speaker timbre information, to estimate
∇ log pt(z

t
tgt). The loss function of the diffusion model can

be written as: Ldiff =
∥∥sθ(zttgt, t, hsrc, href)−∇ log pt(z

t
tgt)

∥∥
1
.

During the inference stage, we gradually denoise zttgt utiliz-
ing the estimated score sθ(z

t
tgt, t, ssrc, psrc, href). This process

initiates with Gaussian noise, initially sampled as z1tgt.

B. The Design of Noro

1) Dual-branch Reference Encoding Module: To improve
the noise robustness of the baseline system, we replaced its
original reference encoder with a dual-branch reference encod-
ing module. This module consists of two reference encoders
sharing identical model weights as a dual-branch structure.
For each clean training sample, we randomly mix clean
reference speech with eight types of noise from the DEMAND
database [23] at SNRs following a normal distribution (0,20)
dB to create noisy reference speeches. Subsequently, the clean
and noisy reference speeches are processed by separate refer-
ence encoders using the same query embeddings. This process
generates clean and noisy reference representations href and
h′

ref, respectively. Considering the weight-sharing scheme used
in this dual-branch reference encoding module, the method
described here qualifies as a “training strategy” for enhancing
our baseline system. Initially, we load the Noro system with
weights from a pre-trained baseline system. During the training
phase, the average of href and h′

ref is fed into the diffusion
model for acoustic modeling and acts as the keys and values
in the second attention block. During the inference phase,
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only one reference encoder is utilized, and the Noro system’s
structure mirrors that of the baseline system.

2) Noise-agnostic Contrastive Speaker Loss: After obtain-
ing the representations of the clean speeches href and their
noisy counterparts h′

ref, we introduce a noise-agnostic con-
trastive speaker loss. This loss function aims to maximize
the similarity between samples (clean or noisy) from the
same speaker while minimizing it for samples from different
speakers. First, as href and h′

ref are hidden sequences of length
m, we perform average pooling over the length dimension to
form a comprehensive reference representation that captures
the reference speaker’s timbre at the utterance level. We then
concatenate href and h′

ref along the batch size dimension:
hall = [href;h

′
ref] . Given that the noisy speeches share the

same speakers as the clean ones, yall = [yspk; yspk] . Finally, our
proposed noise-agnostic contrastive speaker loss is formulated

as: Lref = 1
2N

∑2N
i=1 CrossEntropy

(
hi·hT

j

τ ,Mi,j

)
, where hi

and hj are the i-th and j-th reference representations in hall, τ
is the temperature parameter adjusting the scaling of the logits,
N is the batch size, and the mask matrix Mi,j is defined as

follows: Mi,j =

{
1 if yi = yj ,

0 otherwise,
where yi and yj are the

speaker labels for hi and hj respectively. This loss ensures that
the reference encoders represent the vocal timbre of different
speakers regardless of noise interference, thus enhancing the
robustness of the system. The total loss function for the Noro
system is defined as follows: Ltotal = αLdiff + βLref, where α
and β are the weights assigned to each loss component.

III. EXPERIMENTS

A. One-shot VC Under Different Acoustic Environments

1) Experimental Setups: To evaluate Noro, we use two
acoustic settings: clean and noisy. In the clean setting, the high-
quality VCTK Corpus, recorded in a studio, serves as the eval-
uation dataset. VCTK contains recordings from 110 English
speakers with diverse accents, characterized by minimal noise
interference. The test set comprises 150 randomly selected
pairs of source and reference speech from VCTK. For the noisy
setting, we introduce noise of unseen types from the training
stage to the reference speeches in the test set at different
SNR conditions to create challenging conditions to evaluate
the robustness of VC systems. Under these two settings, we
compare Noro with our baseline system and three state-of-
the-art one-shot VC models: FaCodec-VC [24], FreeVC [25],
and DiffVC [1]. For both our systems, we employ the Libri-
Light [26] dataset for training, which consists of 60k hours
of 16 kHz speech data from over 8k distinct speakers. We
leverage the official segmentation scripts to segment the speech
data into approximately 15-second sequences by concatenating
consecutive chunks with voice activity. Utterances longer than
30 seconds or shorter than 3 seconds are discarded. Detailed
hyper-parameters is publicly available at Amphion [3].

We use both objective and subjective metrics to evaluate
the systems. For objective evaluation, we follow [2] to employ

speaker embedding cosine similarity (SECS) and character
error rate (CER). SECS is determined using a cutting-edge
speaker representation model,1 with the results reflecting sim-
ilarity to the original voice prompt. CER is calculated using
an ASR model2 to assess the intelligibility of the generated
speech. For subjective evaluation, we follow [22], [24] to
use the Comparative Mean Opinion Score (CMOS) and the
Similarity Mean Opinion Score (SMOS) to evaluate natural-
ness and similarity, respectively. We use ten randomly selected
pairs from the clean test set and another ten from the noisy
test set. Twelve proficient English speakers conducted the
assessments. The naturalness scores range from one (“Bad”)
to five (“Excellent”), and the similarity scores range from one
(“Different speaker, sure”) to four (“Same speaker, sure”).

TABLE I: The experimental results for objective evaluation.

Model Clean Noisy (0–5 dB) Noisy (5–10 dB)

CER ↓ SECS ↑ CER ↓ SECS ↑ CER ↓ SECS ↑
Ground Truth 1.37 90.4 1.37 90.4 1.37 90.4

FaCodec-VC 3.66 82.33 3.56 74.78 3.26 77.88
FreeVC 3.31 80.07 3.49 73.83 3.13 76.14
DiffVC 16.91 85.32 15.72 82.00 13.91 82.33

Our Baseline 4.71 82.35 7.26 77.28 6.43 78.89
Noro 4.74 82.38 4.66 80.09 5.06 80.71

TABLE II: The experimental results for subjective evaluation.

Model Clean Noisy (0–5 dB)

CMOS ↑ SMOS ↑ CMOS ↑ SMOS ↑
Ground Truth 4.04 3.90 4.04 3.90

Our Baseline 3.29 3.02 2.09 2.75
Noro 3.16 2.90 2.95 2.97

2) Results and Analysis: Table I presents the objective
evaluation results for the Noro and baseline systems in
both clean and noisy environments. In clean conditions, the
baseline system achieved a CER of 4.71 and a SECS of
82.35, while Noro had a comparable CER of 4.74 and a
SECS of 82.38. Both systems demonstrated effective one-
shot voice conversion, accurately preserving semantic content
and adapting to speaker timbre. Under noisy conditions, the
baseline system’s performance deteriorated significantly, with
the CER increasing to 7.26 and the SECS dropping to 77.28
at 0–5 dB, reflecting its poor noise-handling capabilities. In
contrast, Noro exhibited significantly better noise robustness,
with a CER of 4.66 and a SECS of 80.09, indicating its
reliability in real-world, noisy environments. The subjective
evaluation results in Table II are consistent with the objective
findings. Both systems performed well in clean conditions,
maintaining speech quality and speaker identity. However,
under noisy conditions, the baseline system’s performance
declined sharply, with a CMOS of 2.09 and an SMOS of

1https://huggingface.co/microsoft/wavlm-base-plus-sv
2https://huggingface.co/facebook/hubert-large-ls960-ft
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Fig. 2: t-SNE visualization of reference representations.

2.75, while Noro maintained significantly higher scores, with a
CMOS of 2.95 and an SMOS of 2.97. These results underscore
Noro’s superior noise robustness and its practicality for use in
diverse noisy environments.

We further visualize the reference representation href pro-
duced by the baseline system and Noro using t-SNE, as shown
in Fig. 2. In the baseline system, the reference representations
for clean and noisy speech show a clear separation, which
contributes to the significant drop in performance when the
reference speech is noisy. In contrast, Noro’s reference rep-
resentations for both clean and noisy speech are well-mixed.
This is due to Noro’s use of the proposed dual-branch reference
encoding module and noise-agnostic contrastive speaker loss
during training, which enables it to learn a noise-agnostic
reference representation. This capability accounts for Noro’s
superior performance in diverse noisy environments.

B. One-shot VC as SSL for Speaker Representation

1) Experimental Setups: The reference encoder effectively
captures speaker timbre characteristics. Here, we adapt the
reference encoder—originally designed for one-shot VC—into
a self-supervised learning (SSL) speaker encoder, named VC-
SPK2VEC. We evaluate its performance in speaker representa-
tion by comparing it with several widely used pre-trained SSL
models [17]–[20], [27], [28] under the SUPERB framework.
Following the SUPERB [16] setup, we employ SSL fea-
tures for speaker verification. Input waveforms are processed
through a frozen pre-trained SSL model to extract frame-level
features, and a simple x-vector model serves as the downstream
model, designed to classify whether two utterances belong
to the same speaker, framing this as a binary classification
task. All models are fine-tuned using the VoxCeleb2 dataset,
augmented with noise, and tested on VoxCeleb1 [29]. For
traditional SSL models, the final speaker representation is
produced by computing the weighted sum of hidden states
from each layer: ôt =

∑L
l=1 wl · ht

l , where ht
l represents

the hidden state from layer l at time t, and wl denotes
the normalized weight for each layer. In contrast, for VC-
SPK2VEC, the final representation is taken from the hidden
states of the reference encoder’s transformer encoder’s last
layer. The x-vector downstream model utilizes an additive-
margin softmax loss, maintaining the same hyperparameters
as outlined in [29]. Cosine similarity is then used to compute
the matching scores between speaker embeddings for each
enrollment-test utterance pair.

TABLE III: The SV performance comparison. The results for
these baseline models are sourced from [16] and [20].

Model Params. Data EER (%)
FBANK - - 9.56
Modified CPC [27] 1.84M 60k hr 12.86
wav2vec [17] 32.54M 960 hr 7.99
vq-wav2vec [28] 34.15M 960 hr 10.38
wav2vec 2.0 Base [18] 95.04M 960 hr 6.02
HuBERT Base [19] 94.68M 960 hr 5.11
WavLM Base [20] 94.70M 960 hr 4.69
WavLM Base+ [20] 94.70M 94k hr 4.07
wav2vec 2.0 Large [18] 317.38M 60k hr 5.65
HuBERT Large [19] 316.61M 60k hr 5.98
WavLM Large [20] 316.62M 94k hr 3.77
VC-SPK2VEC 72.4M 60k hr 5.32

2) Results and Analysis: Table III compares VC-SPK2VEC
with various baseline models on the speaker verification (SV)
task. VC-SPK2VEC achieves a competitive equal error rate
(EER) of 5.32%. While it trails slightly behind HuBERT
Base (5.11%) and the three WavLM model variants (4.69%,
4.07%, and 3.77% for Base, Base+, and Large, respectively),
it outperforms other baseline models such as wav2vec 2.0
Base, wav2vec 2.0 Large, and HuBERT Large. Notably, VC-
SPK2VEC uses a comparatively smaller model size of 72.4M
parameters. These results underscore VC-SPK2VEC’s effec-
tiveness as a self-supervised speaker encoder and highlight its
comparable performance to SOTA SSL models. These findings
highlight the great potential of leveraging speaker representa-
tion learning in one-shot speech generation tasks, as initially
explored in [14], [15]. With the advent of speech generation
models trained on extensive datasets exceeding 100k hours
of speech data, unifying speaker representation learning with
generative speech tasks like voice conversion (VC) may lead
to further advancements in both fields. Future research could
investigate the relationship between the capability of speaker
representation and factors such as the number of speakers
included in the training set of one-shot VC systems or the
model size of the reference encoder in these systems.

IV. CONCLUSIONS

In this paper, we introduced Noro, a noise-robust one-shot
voice conversion system with a dual-branch reference encoding
module and noise-agnostic contrastive speaker loss to improve
performance in diverse noisy environments. Our experiments
show that Noro significantly outperforms the baseline in noisy
settings with minimal performance loss in clean conditions,
making it a practical solution for real-world use. We also
repurposed the reference encoder as an SSL speaker encoder,
VC-SPK2VEC, and demonstrated its competitive performance
on the SUPERB benchmark compared to advanced SSL mod-
els. This suggests a promising direction for unifying speaker
representation learning and voice conversion, with potential for
leveraging large-scale voice conversion systems and unlabeled
data for further advancements in both fields.
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