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Abstract—Speech Quality Assessment (SQA) plays a critical
role in evaluating the performance of communication systems,
yet the scarcity of labeled data significantly limits the de-
velopment of robust SQA models. In this paper, we propose
Contrastive learning for Quality Awareness (CQA), a novel self-
supervised learning (SSL) framework specifically designed for
speech quality assessment. Unlike conventional SSL models that
prioritize content modeling, CQA focuses on learning quality-
discriminative features by constructing contrastive pairs based
on shared distortion types. Notably, two segments with different
content can still be considered a positive pair if they share the
same type of distortion. This design allows the model to focus
solely on distortion characteristics, rather than the content of
the original speech samples, effectively disentangling quality-
related features from semantic information. Additionally, we
introduce PESQ score prediction as an auxiliary task to align
the pretrained SSL model more directly with the downstream
SQA objective. Extensive experiments on the NISQA benchmark
demonstrate that CQA significantly outperforms existing state-
of-the-art methods across five quality dimensions: Mean Opinion
Score (MOS), Noisiness, Coloration, Discontinuity, and Loudness.
Specifically, our approach achieves a 2.1–6.2% improvement in
Pearson’s Correlation Coefficient (PCC) and a 7.5–14.4% reduc-
tion in Root Mean Squared Error (RMSE) compared to the best
existing methods on the TEST FOR and TEST P501 datasets,
setting a new state-of-the-art in speech quality assessment.

Index Terms—Speech Quality Assessment, Contrastive Learn-
ing, Self-Supervised Learning.

I. INTRODUCTION

The rapid advancement of information and communication
technology has made voice calls and online meetings inte-
gral to daily communication. However, speech transmitted
over networks is susceptible to various forms of degradation,
including packet loss, background noise, reverberation, and
filtering, which can significantly impact user experience and
lead to communication failures. Consequently, Speech Quality
Assessment (SQA) has become a critical component for eval-
uating and optimizing communication systems’ performance,
attracting substantial interest from telecom companies and
internet service providers.

Recent developments in deep learning have demonstrated
remarkable success in addressing the SQA problem. Various
neural network architectures have been explored, utilizing
diverse feature representations extracted from speech signals to
enhance quality prediction accuracy [1]–[3]. Furthermore, sev-
eral studies have tailored their approaches specifically to SQA
by designing customized objective functions that better capture

the perceptual nature of speech quality [4]–[8]. Despite these
significant advancements in architectural design and learning
objectives, the development of robust SQA models remains
fundamentally constrained by the scarcity of labeled training
data. Obtaining high-quality labeled data for SQA, particularly
Mean Opinion Scores (MOS), is inherently labor-intensive and
expensive, requiring extensive human evaluation sessions with
multiple trained assessors—a process that severely limits the
scalability of data collection efforts.

To overcome the limitations imposed by labeled data
scarcity, researchers have increasingly turned to self-
supervised learning (SSL) approaches. Large-scale SSL mod-
els such as XLS-R [9], wav2vec2 [10], and HuBERT [11],
which have demonstrated exceptional performance across var-
ious speech processing tasks, have been successfully adapted
for speech quality assessment [12]–[14]. Recent investigations
have explored the utilization of XLS-R and BYOL-S [15] as
feature extractors for SQA applications [16], while compre-
hensive comparative studies have evaluated the effectiveness
of various SSL models including CPC [17], TERA [18],
APC [19], and wav2vec2 in the context of quality assess-
ment [20]. Additionally, [21] demonstrated promising re-
sults by employing pretrained Automatic Speech Recognition
(ASR) Conformer models for SQA tasks.

While these SSL-based approaches have shown consider-
able success, they face a fundamental limitation: these models
were originally designed and optimized for content-focused
tasks such as ASR, where the primary objective is to under-
stand and transcribe speech content. When adapted to SQA
through fine-tuning, these models may exhibit suboptimal
performance due to the inherent mismatch between their
pretraining objectives and the discriminative nature of speech
quality assessment [22]. Unlike content understanding tasks,
SQA requires the model to focus on quality-related acoustic
characteristics and distinguish between subtle variations in
speech rather than semantic content.

To address this fundamental challenge, we propose Con-
trastive learning for Quality Awareness (CQA), a novel
self-supervised learning framework explicitly designed and op-
timized for speech quality assessment. Our approach leverages
contrastive learning principles to learn quality-discriminative
representations by constructing positive and negative sample
pairs based on shared distortion characteristics rather than
content similarity. Specifically, we introduce a quality-aware



pair construction strategy where speech segments subjected
to same distortions form positive pairs, while segments with
different distortions serve as negative samples. Positive and
negative pairs can include speech segments extracted from
different original speech samples. This helps our method focus
only on the distortion, rather than on the content of the
original speech samples. This design enables the model to
focus on quality-related features and develop representations
that are inherently suitable for discriminating between speech
distortions.

Furthermore, we enhance the alignment between pretraining
and downstream objectives by incorporating PESQ score pre-
diction [23] as an auxiliary task. PESQ, being a widely adopted
intrusive speech quality metric, provides direct supervision
for quality-related learning and strengthens the connection
between the pretext task and the ultimate SQA goal.

Our experimental evaluation demonstrates that CQA sig-
nificantly outperforms existing state-of-the-art methods across
multiple quality dimensions on the NISQA benchmark [24].
The proposed approach achieves substantial improvements
of 2.1–6.2% in Pearson Correlation Coefficient (PCC) and
7.5–14.4% reduction in Root Mean Squared Error (RMSE)
compared to current best-performing methods, establishing
new state-of-the-art performance for speech quality assess-
ment.

The main contributions of this work are summarized as
follows:

• We propose CQA, the first contrastive learning frame-
work specifically tailored for speech quality assessment,
which addresses the mismatch between content-focused
SSL pretraining and quality-discriminative downstream
tasks.

• We introduce a novel quality-aware pair construction
strategy that creates positive and negative samples based
on distortion characteristics, enabling effective learning
of quality-discriminative representations.

• We incorporate PESQ score prediction as an auxiliary
task to strengthen the alignment between pretraining and
downstream SQA objectives.

• We demonstrate significant performance improvements
over existing state-of-the-art methods across five quality
dimensions on standard benchmarks, achieving new state-
of-the-art results.

The remainder of this paper is organized as follows: Sec-
tion II details the proposed CQA framework, including the
construction of quality-aware positive and negative sample
pairs for contrastive learning. Section III presents compre-
hensive experimental results and ablation studies, highlighting
the effectiveness of each component in our approach. Finally,
Section IV summarizes our findings and discusses potential
directions for future research.

II. PROPOSED METHOD

In this section, we present Contrastive learning for Quality
Awareness (CQA), a novel framework tailored for the SQA
problem. Leading SSL models for speech representation, such

as wav2vec2 [10], WavLM [25], and HuBERT [11], focus
on predicting the hidden structure of speech, such as masked
frames, to capture content-related information. In contrast,
SSL models in image processing, like SimCLR [26] and
MoCo [27], adopt a different strategy. These models compare
augmented versions of the same image (positive pairs) with
unrelated images (negative samples), organizing them in an
embedding space based on similarity.

We argue that SSL approaches focusing on predicting
hidden structures, though effective for content-based tasks
like ASR, may not be optimal for SQA, which is inherently
more discriminative in nature. SQA requires distinguishing
between subtle speech distortions. In this sense, contrastive
learning—which excels at capturing discriminative features
(as seen in tasks like image classification and object detec-
tion)—better aligns with the needs of SQA. Previous work
[22] further supports the idea that the choice of pretext task
significantly affects downstream task performance.

Motivated by these insights, we propose to adapt the prin-
ciples of image-based contrastive learning to speech quality
assessment. Instead of focusing on content understanding, our
approach emphasizes the representation of quality, allowing
the model to capture and differentiate between various types
of speech distortions.

CQA forms positive and negative pairs of speech samples
based on shared distortions. For each training batch, CQA
takes clean speech samples as input and randomly extracts
two segments from each sample. Subsequently, CQA randomly
generates a set of D distortions and applies this same set of
distortions to all extracted segments. For example, for a speech
sample xn in the training batch, we randomly extract two
segments, xn

1 and xn
2 , which naturally share similar frequency

and volume properties. We then apply the same set of D
random distinct distortions to both segments, producing two
sets of degraded speech: Xn

1 = [xn
1,1, x

n
1,2, . . . , x

n
1,D] and

Xn
2 = [xn

2,1, x
n
2,2, . . . , x

n
2,D], as illustrated in Figure 1.

When the same distortion d is applied, the resulting de-
graded samples are treated as a positive pair, including those
extracted from different original speech samples. This helps
our method focus only on the distortion, rather than on the
content of the original speech samples. In contrast, pairs with
different distortions are considered negative pairs.

These speech samples are then fed into an encoder, for
which we adopt the Conformer architecture, known for its
superior performance in speech processing tasks. The features
extracted by the encoder, which may vary in length, are
processed by an Attentive Pooling layer [21] to produce
fixed-size embedding vectors. Since certain time frames may
disproportionately influence overall speech quality, attentive
pooling helps the model focus on quality-relevant frames,
capturing key characteristics of speech distortions.

Following the approach in [26], a non-linear projection head
is employed to map the embedding vectors into a lower-
dimensional space, facilitating effective contrastive learning.
Cosine similarity is used to compute similarity between the



Fig. 1. Overview of the proposed method: Two segments extracted from the same clean speech are subjected to different distortions, generating two sets of
degraded speech. These sets are fed into the query and key branches, and their projected vectors are compared using the InfoNCE loss to measure similarity.
Additionally, the embeddings from the query branch are used to predict PESQ scores.

projected vectors, which are then used to calculate the con-
trastive loss.

Figure 1 illustrates the proposed CQA built on the MoCo
framework [27], which implements two branches: a query
branch updated by gradient descent, and a key branch updated
by momentum. For each sample xn, we define xn

q,d and
xn
k,d′ as segments selected randomly from xn, where they

are applied distortions d and d′, respectively. The notation q
indicates that the segment is fed to the query branch, and k
indicates that it is fed to the key branch. znq,d denotes the latent
vector after the projector module of segment xn

q,d. In the case
of CQA built on SimCLR [26], the model employs only one
branch for both query and key roles.

Additionally, CQA maintains a queue of K projected vec-
tors, providing additional negative samples for each batch. The
contrastive loss is then computed as:

Lcons(n, i, d) = − log
exp

(
znq,d·zik,d

τ

)
N∑
j=1

D∑
d′=1

exp

(
znq,d · z

j
k,d′

τ

)
+

K∑
j=1

D∑
d′=1
d′ ̸=d

exp

(
znq,d · z

j
k,d′

τ

)

(1)
Here, N is the batch size, K is the queue size (following [27]),
and τ is a temperature parameter controlling the sharpness of
the softmax distribution.

The complete contrastive loss across all samples and distor-
tions in a batch is:

Lcons =
1

N2 ×D

N∑
n=1

N∑
i=1

D∑
d=1

Lcons(n, i, d) (2)

To further strengthen the alignment between the pretext task
and the downstream speech quality assessment objective, we
introduce an auxiliary task: predicting the PESQ score [23].
For each degraded speech sample xi

k,d, PESQ estimates its
perceptual quality by comparing it with the original clean
speech xi

k. We use Mean Squared Error (MSE) as the loss
function for this regression task. The overall training loss is
the combination of the contrastive loss Lcons and the PESQ
prediction loss LPESQ, weighted by a hyperparameter α:

Ltrain = Lcons + αLPESQ (3)

This combination ensures that the model not only learns
to differentiate between distortions but also aligns its repre-
sentations with a perceptual speech quality metric, enhancing
downstream performance.

In the fine-tuning phase, the encoder and pooling layers
from the pretrained model serve as the backbone, providing
quality-aware embeddings for each input. These embeddings
are passed to a Feedforward Network (FFN) designed to
predict the MOS as well as four additional quality dimen-
sions: Noisiness, Coloration, Discontinuity, and Loudness. The
model is trained in a multi-dimensional regression setting, with
MSE as the loss function across all five dimensions, yielding
a comprehensive assessment of speech quality.

III. EXPERIMENTS

A. Dataset

Pretraining: Since we require high-quality clean speech to
generate degraded samples, the pretraining dataset is obtained
from the clean subset of LibriSpeech [28], which contains
audiobook recordings. We utilize the train-clean-100 and train-
clean-360 subsets for training, totaling 460 hours of audio,
while the test-clean and dev-clean subsets, comprising 11
hours, are used for validation.

We apply seven types of degradations: Background Noise,
Room Impulse Response (RIR), Filtering, Packet Loss, Clip-
ping, Gaussian Noise, and Codec variations. The background
noise and RIR data are sourced from the DNS-Challenge
dataset [29], with Signal-to-Noise Ratios (SNRs) ranging from
-10 to 40 dB, and RIR durations of 0.3, 0.5, 0.7, and 0.9
seconds. The filtering category includes Low Pass, High Pass,
Band Pass, and Band Reject filters. Gaussian noise is applied
with SNRs from -5 to 25 dB. Packet loss is simulated using
lossy noise files from the PLC Challenge dataset [30]. To
create a distortion type, we randomly apply one or combine
multiple types.

Fine-tuning: The NISQA corpus [24], recognized as a
benchmark dataset for speech quality assessment [31], is
used for fine-tuning and evaluation. It includes two training
subsets, TRAIN SIM and TRAIN LIVE, comprising 12,500
samples with a total duration of 30.7 hours. The validation
set consists of VAL SIM and VAL LIVE, which together



contain 1,220 samples spanning 3.1 hours. For testing, we use
two datasets: TEST FOR and TEST P501, comprising 480
samples over 1.1 hours. VAL SIM and VAL LIVE represent
seen conditions, while TEST FOR and TEST P501 corre-
spond to unseen conditions. Each sample is labeled with five
quality dimensions: Mean Opinion Score (MOS), Noisiness
(NOI), Coloration (COL), Discontinuity (DIS), and Loudness
(LOUD).

B. Setup
In our experiments, we adopt the Conformer architecture

with the medium configuration proposed by [32]: 16 Con-
former layers with a decoder dimension of 320, 4 attention
heads, and a convolution kernel size of 32. The input features
consist of 80-channel filterbanks. The attentive pooling layer
produces embeddings of size 2048 and uses a dropout rate 0.1.

During pretraining, we set the loss temperature to 0.07
and use a queue of 8192 key values, following the default
hyperparameters of MoCo [27], and assign a prediction task
weight of α = 0.3. The model is trained for 50 epochs with
a batch size of 64. The projection layer output dimension
is set to 256, and the size of D is 4. Fine-tuning is then
performed for 200 epochs, with a learning rate of 0.001. All
experiments are conducted on an NVIDIA A100 GPU with
40GB of memory.

We evaluate model performance using two metrics: Pear-
son’s Correlation Coefficient (PCC) and Root Mean Squared
Error (RMSE), where higher PCC and lower RMSE values
indicate superior performance.

C. Ablation Study
This section examines the contributions of our proposed

CQA method and the auxiliary PESQ prediction task. All
experiments use the Conformer architecture, with training
conducted on TRAIN SIM and TRAIN LIVE, and evaluation
performed on VAL LIVE and VAL SIM datasets.

We test five versions: Conformer (fs): trained from scratch.
Conformer (pt PESQ): pretrained on PESQ prediction. CQA
(MoCo): implementing CQA following MoCo. CQA (Sim-
CLR) + PESQ and CQA (MoCo) + PESQ: full versions
differing only in using SimCLR or MoCo for CQA training

Table I reports the average PCC and average RMSE on
all quality dimensions for each model. Some key findings are
drawn as follows:

Impact of Contrastive Learning: CQA (MoCo) outper-
forms both the scratch method Conformer (fs) and the PESQ
prediction pretrained model Conformer (PESQ).

Impact of Auxiliary Task (PESQ Prediction): Although
Conformer (PESQ) performs similarly to the scratch method
Conformer (fs), the PESQ prediction task significantly benefits
contrastive learning. Due to its relation to the downstream task,
CQA (MoCo) + PESQ improves upon CQA (MoCo) in both
datasets.

Comparison of SimCLR and MoCo: CQA (SimCLR) +
PESQ not only underperforms compared to CQA (MoCo) +
PESQ but also fails to show improvement over CQA (MoCo),
highlighting MoCo’s advantage in this task.

D. Comparison with SoTA methods

We compare our proposed method against several state-
of-the-art models, evaluating both pretrained and trained-
from-scratch approaches: Trained-from-scratch models: We
include the baseline NISQA model from [24] (Exp 1) and
a Conformer model trained from scratch, referred to as
Conformer (fs) (Exp 2). Additional labeled data: We also
evaluate the NISQA+ model (Exp 3), a version of NISQA
trained on additional private labeled data. Results for this
model are publicly provided in [24]. Pretrained models:
We consider Impairment Representation Learning [33] (IRL,
Exp 4), a prior SSL-based SQA approach. We also include
wav2vec2 (pt) (Exp 5), the pretrained ASR model Conformer
(pt ASR) (Exp 6), with results provided by [21], and a recent
approach MultiGauss (Exp 7) representing current state-of-the-
art methods. Proposed method: Our proposed model, CQA
+ PESQ (Exp 8), uses a contrastive loss following MoCo
combined with an MSE loss for PESQ prediction.

All models are trained on two labeled datasets, with the
exception of NISQA+, which leverages additional private data.
Additionally, the wav2vec2 (pt) and Conformer (pt ASR)
models are pretrained on 960 hours of LibriSpeech, while our
proposed method uses a smaller subset of 460 hours.

The average PCC and RMSE values for the five quality
dimensions across each dataset are presented in Table II.
Overall, models leveraging pretraining or additional labeled
data (Exps 3-8) consistently outperform those trained from
scratch (Exps 1-2).

While the baseline IRL shows improvement over scratch
models, it performs worse than NISQA+ and other pretrained
models. Our proposed method achieves superior performance
compared to NISQA+ despite utilizing significantly less la-
beled data, highlighting the efficiency of our contrastive
learning approach. The proposed CQA + PESQ framework
demonstrates exceptional performance across all evaluation
datasets, achieving the highest PCC values on three out of four
datasets: 0.699 on VAL SIM, 0.908 on TEST FOR, and 0.903
on TEST P501. On the remaining dataset, VAL LIVE, our
method achieves a competitive PCC of 0.865, ranking among
the top-performing approaches. In terms of RMSE, our method
delivers the lowest error rates on two datasets while showing
competitive results on the remaining datasets.

Notably, although models such as wav2vec2 (pt) (Exp 5) and
Conformer (pt ASR) (Exp 6) perform strongly due to extensive
pretraining, CQA + PESQ surpasses them, particularly on the
test datasets. For instance, in TEST P501 and TEST FOR,
RMSE improves by approximately 9.18–13.8% relative to
wav2vec2 (pt), while PCC increases by about 2.7–6.2%.
Compared to Conformer (pt ASR), our method increases 2.1
to 2.3% of PCC values while reducing 7.5 to 14.4% of RMSE
values.

MultiGauss (Exp 7) achieves the highest PCC (0.866) on
VAL SIM, but exhibits severe overfitting with substantial
performance degradation on real-world datasets: PCC drops to
0.694 on VAL LIVE (19.8% decrease), 0.821 on TEST FOR



TABLE I
COMPARISON WITH OTHER PRETRAINING METHODS

Model VAL LIVE VAL SIM
PCC ↑ RMSE ↓ PCC ↑ RMSE ↓

Conformer (fs) 0.652 0.500 0.843 0.524
Conformer (pt PESQ) 0.651 0.509 0.831 0.551
CQA (simCLR) + PESQ 0.671 0.506 0.860 0.500
CQA (MoCo) 0.687 0.469 0.854 0.496
CQA (MoCo) + PESQ 0.699 0.465 0.865 0.486

TABLE II
AVERAGE PCC AND RMSE ON ALL QUALITY DIMENSIONS ON VALIDATION AND TEST DATASET

Exp Model Data VAL SIM VAL LIVE TEST FOR TEST P501
unlabeled labeled PCC ↑ RMSE ↓ PCC ↑ RMSE ↓ PCC ↑ RMSE ↓ PCC ↑ RMSE ↓

1 NISQA [24] X small 0.683 0.477 0.851 0.522 0.879 0.429 0.876 0.509
2 Conformer (fs) X small 0.652 0.500 0.843 0.524 0.853 0.443 0.856 0.567
3 NISQA+ [24] X large 0.679 0.498 0.852 0.520 0.899 0.372 0.878 0.517
4 IRL [33] small small 0.695 0.460 0.846 0.509 0.862 0.434 0.869 0.521
5 wav2vec2 (pt) [12] large small 0.685 0.467 0.867 0.482 0.884 0.392 0.850 0.540
6 Conformer (pt ASR) [21] large small 0.695 0.478 0.869 0.496 0.888 0.385 0.884 0.543
7 MultiGauss [34] small small 0.866 0.516 0.694 0.523 0.821 0.457 0.854 0.523
8 CQA + PESQ small small 0.699 0.465 0.865 0.486 0.908 0.356 0.903 0.465

(9.6% decrease), and 0.854 on TEST P501 (5.4% decrease).
We hypothesize this occurs because MultiGauss optimizes
for a probabilistic objective that may overfit to the sim-
ulated data distribution. In contrast, our CQA framework
demonstrates consistent improvements (higher PCC and lower
RMSE) on VAL LIVE, TEST FOR, and TEST P501 (unseen
conditions), highlighting the effectiveness of our quality-aware
contrastive learning approach for real-world SQA applications.

Detailed PCC and RMSE results for all quality dimensions
on TEST FOR and TEST P501 are provided in Tables III
and IV. These tables do not include Conformer (pt ASR) (Exp
6) and MultiGauss (Exp 7) results, as they are not publicly
available.

While wav2vec2 (pt) achieves a PCC of 0.912 for MOS,
its RMSE remains higher than that of CQA + PESQ. No-
tably, CQA + PESQ is pretrained on only 460 hours of
data, compared to 960 hours used by other models such as
wav2vec2. Moreover, across most quality dimensions, CQA
+ PESQ consistently delivers superior results—particularly in
Loudness, where it improves PCC by 9.2–15.7% and reduces
RMSE by 25.6-41.5% relative to wav2vec2 (pt).

IV. CONCLUSION

This paper introduced Contrastive learning for Quality
Awareness (CQA), a self-supervised framework tailored for
Speech Quality Assessment (SQA). CQA addresses the limi-
tations of content-centric pretraining by focusing on quality-
discriminative features through a novel distortion-aware con-
trastive learning strategy. By forming positive pairs from
segments sharing the same type of distortion—even across
different utterances—the model learns to isolate distortion
characteristics from speech content. Additionally, incorporat-
ing PESQ prediction as an auxiliary task strengthens alignment
with downstream SQA objectives. Experimental results on the
NISQA benchmark demonstrate that CQA consistently out-
performs existing state-of-the-art methods across five quality
dimensions.

For future work, we plan to evaluate CQA on more diverse
and real-world datasets and explore dynamic weighting strate-
gies between the contrastive and auxiliary loss components,
replacing the current fixed-weight approach to allow the model
to better adapt during different training stages. These efforts
will further enhance the generalization and applicability of
CQA in real-world communication systems.

ACKNOWLEDGEMENT

Bao Thang Ta was funded by the PhD Scholarship Pro-
gramme of Vingroup Innovation Foundation (VINIF), VinUni-
versity, code VINIF.2025.TS65.

REFERENCES

[1] Danilo de Oliveira, Julius Richter, Jean-Marie Lemercier, Simon Welker,
and Timo Gerkmann, “Non-intrusive Speech Quality Assessment with
Diffusion Models Trained on Clean Speech,” in Interspeech 2025, 2025,
pp. 2330–2334.

[2] Wafaa Wardah, Robert P. Spang, Vincent Barriac, Jan Reimes,
Anna Llagostera, Jens Berger, and Sebastian Möller, “SQ-AST: A
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