GARDY ORCA - Online Research @
CARDY® Cardiff

This is an Open Access document downloaded from ORCA, Cardiff University's institutional
repository:https://orca.cardiff.ac.uk/id/eprint/189605/

This is the author’s version of a work that was submitted to / accepted for publication.
Citation for final published version:

Yang, Yang, Liang, Ruiyu, Ni, Ye, Zou, Cairong, Sun, Song, Yan, Jing, Zhou, Wei, Ding, Weiping and Hao,
Xiaoshuai 2027. BiSQAFusion: Multi-level fusion for personalized binaural speech quality assessment in
hearing aids. Information Fusion: An International Journal on Multi-Sensor, Multi-Source Information
Fusion 139 (Part A) , 104765. 10.1016/j.inffus.2026.104765

Publishers page: https://doi.org/10.1016/j.inffus.2026.104765

Please note:
Changes made as a result of publishing processes such as copy-editing, formatting and page numbers may
not be reflected in this version. For the definitive version of this publication, please refer to the published
source. You are advised to consult the publisher’s version if you wish to cite this paper.

This version is being made available in accordance with publisher policies. See
http://orca.cf.ac.uk/policies.html for usage policies. Copyright and moral rights for publications made
available in ORCA are retained by the copyright holders.




BiSQAFusion: Multi-level fusion for personalized binaural speech quality
assessment in hearing aids

Yang Yang ¥4, Ruiyu Liang @ #>*, Ye Ni® 2, Cairong Zou ¥'?, Song Sun¢, Jing Yan¢,
Wei Zhou®, Weiping Ding "¢, Xiaoshuai Hao &

aSchool of Information Science and Engineering, Southeast University, Nanjing, 210096, China

b School of Communication Engineering, Nanjing Institute of Technology, Nanjing, 211167, China
©School of Computer and Information Science, Chongqing Normal University, Chongqing, 401331, China
d Industrial and Systems Engineering, The Hong Kong Polytechnic University, Hong Kong SAR, China

¢ Cardiff University, Cardiff, United Kingdom

fSchool of Artificial Intelligence and Computer Science, Nantong University, Nantong, 226019, China
8 Faculty of Data Science, City University of Macau, Macau, 999078, China

h Xiaomi EV, Beijing, 100085, China

ARTICLE INFO

Keywords:

Hearing aids

Cross-modal fusion modulation
Acoustic and audiogram fusion
Binaural speech quality assessment
Self-supervised learning.

ABSTRACT

Accurate speech quality assessment is essential for optimizing hearing aid (HA) algorithms, enabling personalized
fitting, and improving user satisfaction. Existing HA assessment models, however, are largely limited to monau-
ral processing, lack in-depth cross-modal fusion between acoustic features and audiogram priors, and exhibit
insufficient robustness across diverse HA configurations. To address these challenges, we propose BiSQAFusion,
a multi-level fusion network that jointly integrates multi-layer self-supervised speech representations, individual
audiogram priors, interaural interaction cues, and HA system identifiers for personalized non-intrusive binaural
HA speech quality assessment. At its core, a hierarchical two-stage acoustic-audiogram fusion module is designed
to adaptively inject personalized audiogram priors into dynamic acoustic features by coupling gated feature-wise
linear modulation with a deep CNN-BiLSTM backbone. To overcome the inherent limitations of monaural assess-
ment, a lightweight binaural fusion module is proposed to explicitly decouple interaural coherence-, asymmetry-
, and correlation-like cues via parameter-free algebraic operations. Furthermore, systematic prediction biases
arising from diverse HA processing configurations are effectively mitigated by a configuration-aware System ID
embedding. An auxiliary quality-level module is formulated to impose coarse-grained classification constraints
on continuous score prediction via multi-task learning. Extensive experiments on the CPC1 and DNS challenge
datasets demonstrate that BISQAFusion significantly outperforms state-of-the-art non-intrusive baselines in both
prediction accuracy and cross-scenario generalization.

1. Introduction

hearing loss through personalized signal processing algorithms, where
the output speech quality directly dictates user satisfaction and long-

Hearing loss has emerged as a major global public health chal-
lenge. According to the World Health Organization (WHO), more than
700 million people are projected to require hearing rehabilitation ser-
vices by 2050 [1]. Untreated hearing loss is closely associated with
cognitive decline, social isolation, and mental health disorders [2,3].
Among available hearing assistive technologies, hearing aids (HAs) re-
main the most widely adopted intervention due to their high accessibil-
ity, fitting flexibility, and cost-effectiveness [4,5]. HAs compensate for
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term wearing compliance for hearing-impaired (HI) patients. Conse-
quently, accurate and efficient assessment of HA speech quality is not
merely central to evaluating fitting success, but also a fundamental tech-
nological prerequisite for the iterative optimization of HA algorithms.
Conventional HA quality assessment relies heavily on large-scale
subjective listening tests conducted by audiologists, with representa-
tive metrics including the mean opinion score (MOS), degradation MOS,
and diagnostic acceptability measure (DAM) [6]. Such procedures are,
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$\mathcal {F}_\theta : (S, \textit {HL}) \mapsto (\widehat {QS}_{bin}, \widehat {QS}_L, \widehat {QS}_R)$
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\begin {equation}\label {eq1:aggregation} \begin {aligned} w_l &= \frac {\exp (\lambda _l)}{\sum _{k=0}^{L-1} \exp (\lambda _k)}, \\ Z &= \sum _{l=0}^{L-1} w_l S_l, \end {aligned}\end {equation}
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\begin {equation}\begin {aligned} \textit {SSL}_0 &= \mathcal {R}_{ssl} (Z \cdot W_a + b_a), \\ \textit {SSL}_i &= LPPool_i\Big (\delta _i\big (B_i\big (Conv2D(\textit {SSL}_{i-1}; \theta _i)\big )\big ); p\Big ), \quad i \in \{1, 2\} \end {aligned} \label {eq2:ssl_encoder}\end {equation}
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$\textit {HL} \in \mathbb {R}^{1 \times 6}$


\begin {equation}\begin {aligned} A_0 &= \mathcal {R}_{hl} \left ( \textit {HL} \cdot W_a^{(hl)} + b_a^{(hl)} \right ), \\ A_j &= \phi _j \left ( B_j \left ( Conv2D \left ( A_{j-1}; \theta _j^{(hl)} \right ) \right ) \right ), \quad j \in \{1, 2\} \end {aligned} \label {eq:hl_encoder}\end {equation}
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$\chi ^{(A)} \in \mathbb {R}^{C \times T \times \bar {F}}$


$\chi ^{(A)}$


$\chi ^{(S)} \in \mathbb {R}^{C \times T \times \bar {F}}$


\begin {equation}\begin {aligned} & \{ \gamma , \beta \} = \{ \chi ^{(A)} \cdot W_\gamma + b_\gamma , \chi ^{(A)} \cdot W_\beta + b_\beta \}, \\ & g = \sigma \left ( \chi ^{(A)} \cdot W_g + b_g \right ), \\ & \chi ^{(F)} = g \odot (\gamma \odot \chi ^{(S)} + \beta ) + (1 - g) \odot \chi ^{(S)}, \end {aligned} \label {eq:aafm_modulation}\end {equation}
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\begin {equation}\begin {aligned} & \kappa ^{(0)} = \big [ \chi ^{(F)} ; \chi ^{(A)} \big ]{}_{\bar {F}}, \\ & \kappa ^{(k)} = \mathit {LPPool_k}\Big ( \delta _k\big ( B_k\big ( \mathit {Conv2D}(\kappa ^{(k-1)}; \theta _k) \big ) \big ) ; p \Big ), \quad k \in \{1, 2\} \\ & \tilde {\kappa } = \big [ \tilde {\kappa }_t \big ]{}_{t=1}^T = \mathcal {R}_s \left ( \kappa ^{(2)} \right ), \\ & \chi _t^{(DF)} = \Big [ \overrightarrow {\mathit {LSTM}} \big ( \tilde {\kappa }_t, \vec {h}_{t-1} \big ) ; \overleftarrow {\mathit {LSTM}} \big ( \tilde {\kappa }_t, \overleftarrow {h}_{t+1} \big ) \Big ], \end {aligned} \label {eq:cnn_bilstm}\end {equation}
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$\chi _{\textit {sum}}^{(DF)} = \chi _L^{(DF)} + \chi _R^{(DF)}$
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\begin {equation}\begin {aligned} & F_{bin} = \sum _{d \in \{sum, \textit {diff}, prod\}} v_d \otimes \chi _d^{(DF)}, \end {aligned} \label {eq:bfm_process_1}\end {equation}
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\begin {equation}\begin {aligned} & \chi _{bin}^{(DF)} = \mathit {Dropout} \Big ( \delta \big ( \mathit {LN}(F_{bin}) \cdot W_e + b_e \big ) \Big ), \end {aligned} \label {eq:bfm_process}\end {equation}
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\begin {equation}G_A = \mathit {AAP}(H_{att}). \label {eq:aap}\end {equation}
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\begin {equation}\widehat {QS}_{bin} = \sigma \big (G_A \cdot W_f + b_f \big ), \label {eq:score_output}\end {equation}
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Fig. 1. Examples of HA speech quality assessment. (a) Intrusive: Assessment metrics rely on a clean reference signal and evaluate each ear independently; (b)
Non-intrusive: Eliminates the reliance on a reference signal but still evaluates each ear in isolation; (c) Parallel processing of binaural channels: Not only predicts
the independent quality of each ear but also outputs a comprehensive overall quality score.

however, prohibitively costly, time-consuming, and individually vari-
able, motivating the development of objective alternatives that can be
broadly categorized into intrusive and non-intrusive methods [7]. In-
trusive metrics, as illustrated in Fig. 1(a), assess quality by quantifying
the discrepancies between the compensated signal and the clean refer-
ence [8-11], yet such a reference is virtually unattainable in real-world
wearing scenarios. Furthermore, since the passage of the 2017 U.S. Over-
the-Counter Hearing Aid Act, consumers with mild-to-moderate hear-
ing loss can purchase HAs directly without an audiologist’s prescrip-
tion [12]. This trend further reinforces the urgent need for non-intrusive
quality assessment methods that operate solely on HA output signals and
individual audiogram priors, as shown in Fig. 1(b).

Recent non-intrusive HA speech quality assessment has shifted from
extending normal-hearing (NH) metrics to deep-learning-based end-to-
end regression models, in which pre-trained self-supervised learning
(SSL) models, such as WavLM [13], have shown strong promise in
this task by providing rich speech representations and complementary
multi-layer hidden features [14]. From an information fusion perspec-
tive, however, current non-intrusive HA assessment pipelines still suffer
from three structural limitations. First, audiogram and acoustic features
are typically combined through shallow operations such as concatena-
tion, replication, or simple addition [4,12,15,16], while existing SSL-
based methods predominantly rely on the static final-layer output. This
limits their capacity to model how band-specific hearing loss dynam-
ically distorts speech perception across hierarchical acoustic abstrac-
tions. To this end, we adopt the learnable, layer-wise aggregation strat-
egy that integrates multi-layer SSL representations, subsequently refined
by an SSL-Encoder to preserve perceptually relevant cues while mini-
mizing redundancy. In parallel, an HL-Encoder projects a sparse audio-
gram vector into high-dimensional, personalized auditory-prior embed-
dings. These encoded representations are then fused by the Acoustic-
Audiogram Fusion Module (AAFM), which combines gated, feature-
wise linear modulation with deep CNN-BiLSTM integration, thereby in-
jecting personalized audiogram priors into the SSL acoustic features.
Second, every existing non-intrusive HA model is restricted to monau-
ral processing [4,12,15-19]: preliminary binaural quality work in the

general audio domain targets NH listeners only [20-23], and binau-
ral intelligibility studies in the HA domain are confined to the better-
ear effect [24-26], leaving comprehensive binaural quality assessment
tailored to HA scenarios unresolved, as illustrated in Fig. 1(c), a gap
we close with a lightweight binaural fusion module (BFM) that explic-
itly decouples three perceptually motivated interaural components via
parameter-free algebraic operations. Third, the diversity of prescription
formulas (e.g., NAL-R, DSL v5) or speech enhancement pipelines induces
substantial spectral distribution shifts, causing systematic prediction bi-
ases when training data span multiple HA configurations [16], a bias we
mitigate by tokenizing each HA system configuration as an explicit Sys-
tem ID embedding to model configuration-dependent shifts. These cou-
pled limitations collectively expose the absence of a systematic, multi-
source heterogeneous information fusion design in current HA quality
assessment models.

Motivated by the aforementioned challenges, we propose BiSQAFu-
sion, a multi-level information fusion network that jointly integrates
multi-layer SSL representations, individual audiogram priors, interau-
ral interaction cues, and HA System IDs for personalized non-intrusive
binaural HA speech quality assessment. The network processes binau-
ral channels in parallel through weight-shared encoders, fuses cross-
modal information at both unilateral and binaural levels via the pro-
posed AAFM and BFM modules, and outputs both unilateral and over-
all quality scores. To further regularize the fused representation within
the score prediction module (SPM), an auxiliary quality-level module
(QLM) is introduced to impose coarse-grained classification boundaries
through multi-task learning (MTL) [27]. The main contributions of this
paper are summarized as follows:

e We propose BiSQAFusion, a systematic multi-level fusion network
for non-intrusive binaural HA speech quality assessment, signifi-
cantly extending the applicability and generalization of objective
assessment models across diverse hearing-loss profiles and HA pro-
cessing configurations.

e We design a hierarchical AAFM that couples gated FiLM with
CNN-BiLSTM to bridge the semantic and structural gap between



dynamic SSL representations and static audiograms. Complementar-
ily, a lightweight BFM is developed to decouple perceptually moti-
vated interaural components, namely coherence-, asymmetry-, and
correlation-like cues, providing an interpretable inductive bias for
comprehensive binaural assessment.

e We introduce a configuration-aware System ID embedding strat-
egy that effectively mitigates the systematic prediction biases in-
duced by configuration diversity and significantly enhances cross-
configuration prediction robustness.

e We formulate a coarse-to-fine joint optimization framework in which
the QLM, as an auxiliary task, imposes classification boundary con-
straints on the primary SPM under MTL, achieving synergistic opti-
mization and superior continuous-score prediction.

The remainder of this paper is organized as follows: Section 2 re-
views related work. Section 3 elaborates on the overall architecture and
functional modules of the proposed network. Section 4 describes the
experimental setup. Section 5 presents in-depth analyses and ablation
studies. Section 6 concludes the paper and discusses future directions.

2. Related work
2.1. Objective hearing aid speech quality metrics

Objective HA quality metrics fall into intrusive and non-intrusive
categories according to their dependence on a clean reference [7]. Kates
and Arehart proposed HASQI [8], which embeds individual audiograms
into a peripheral auditory model to simulate quality perception, and its
robustness has been extensively validated by Kressner et al. [28,29].
HASQI Version 2 [9] (hereafter HASQI) further refines the cochlear
model for complex degradations across HI and NH listeners, computing
linear (long-term spectral distortion) and nonlinear (time-frequency en-
velope modulation and fine-structure changes) components whose prod-
uct yields a score in [0, 1]. HAAQI [10] targets music quality, while
PEMO-Q-HI [11] extends PEMO-Q to HI listeners. Nevertheless, the re-
quirement of clean references and strict time-frequency alignment fun-
damentally precludes their deployment in realistic wearing scenarios.

These limitations have motivated non-intrusive HA speech quality
assessment, which has evolved through two phases. The first phase in-
jected hearing loss characteristics into NH-oriented metrics, such as
SRMR-HA [30], LCQA-HA [31], and gammatone filterbank energies
(FBEs) coupled with regression mapping [32], yet these pipelines suffer
from handcrafted feature dependence and high computational cost [16].
The second phase shifted toward end-to-end deep learning. Although
early models such as Quality-Net [33] and MOS-Net [34] were origi-
nally designed for NH-oriented applications, they provided insight into
HA assessment. Specifically tailored for HA scenarios, Chiang et al.
proposed HASA-Net [15], which integrates a BiLSTM with multi-head
attention (MHA) within an MTL framework to simultaneously predict
HASQI and the HA Speech Perception Index (HASPI) [35]. Subsequent
work [17] incorporated SSL representations to further enhance feature
extraction. Other notable advancements include a DNN-LSTM atten-
tion ensemble model based on Log-Mel Filter Bank (LMFB) energy and
audiograms [18], an MTL framework utilizing Gammatone FBEs [4],
a joint magnitude spectrum-audiogram architecture integrating CNN-
BiLSTM with MHA [12], a bias mitigation strategy via speech label as-
sistance [16], and HAAQI-Net, which focuses on music quality assess-
ment [19]. Despite these advancements, these methods remain confined
to monaural processing, fuse audiograms and acoustic features through
shallow operations, and fail to sufficiently account for configuration-
induced prediction biases.

2.2. Binaural speech quality assessment

While HA quality assessment has been confined to monaural ap-
proaches, binaural evaluation has been preliminarily explored in the

general audio domain. Schéfer et al. [20] extended the perceptual eval-
uation of audio quality with a binaural hearing model. Reimes [21]
employed a Siamese CNN guided by psychoacoustic priors for binaural
MOS prediction. Fle3ner et al. [22] proposed BAM-Q based on interau-
ral level and time differences. Their subsequent work [23] demonstrated
that overall perceived quality is dominated by the poorer of the sig-
nal quality or binaural spatial quality. These methods, however, target
NH listeners and do not incorporate individualized audiograms. Within
the HA domain, binaural objective evaluations have focused heavily on
speech intelligibility. Andersen et al. [24] extended Short-Time Objec-
tive Intelligibility (STOI) to modified binaural STOI (MBSTOI), mod-
eling the better-ear effect via window-wise reference correlation. The
Clarity Prediction Challenge (CPC) series [25,26] further catalyzed this
direction, with systems predominantly adopting the maximum unilat-
eral score as the overall binaural intelligibility score. Intelligibility, how-
ever, does not capture quality attributes such as signal distortion, leav-
ing comprehensive binaural HA quality assessment with personalized
audiogram priors a largely unexplored problem.

2.3. Cross-modal fusion for personalized speech quality assessment

Effective integration of audiograms and acoustic representations un-
derpins personalized HA speech quality assessment. Existing studies
predominantly treat audiograms as static features and fuse them with
acoustic representations using shallow operations such as concatena-
tion, replication, or simple addition at the input layer [4,12,15,16],
which fails to model how band-specific hearing loss dynamically distorts
speech across hierarchical acoustic abstractions. Beyond the HA domain,
feature-wise linear modulation (FiLM) [36] has demonstrated strong
cross-modal conditioning capabilities in speech synthesis [37] and style
transfer [38], generating channel-wise scaling and shifting parameters
from auxiliary inputs. Yet, applying FiLM in isolation embeds audio-
gram information only implicitly and is prone to dilution during deep
propagation. Moreover, no prior work has systematically coupled FiLM-
based modulation with SSL representations for deep acoustic-audiogram
integration.

In summary, the three lines of research reviewed above expose three
limitations in current non-intrusive HA speech quality assessment. First,
shallow acoustic-audiogram fusion on static SSL output fails to exploit
hierarchical SSL complementarity for personalized perception. Second,
monaural-only modeling neglects interaural cues essential to HI listen-
ers. Third, systematic biases induced by heterogeneous HA configura-
tions remain effectively unaddressed. These three limitations collec-
tively motivate a unified multi-level fusion network that hierarchically
integrates SSL representations, audiogram priors, interaural interaction
cues, and HA system identifiers within an end-to-end pipeline, which
we instantiate as the proposed BiSQAFusion in Section 3.

3. Proposed methods
3.1. Overview

The proposed non-intrusive binaural HA speech quality assessment
network, BiSQAFusion, aims to construct an end-to-end mapping func-
tion Fy : (S,HL) » (63,”.,,, é? Lo 63 r)> Which takes binaural degraded
speech S € R>Le" and binaural audiogram HL € R>V as inputs to
predict comprehensive binaural éshin and unilateral quality scores
{Q\S‘ L 63 r}. Here, Len denotes the sampling length and N represents
the number of tested frequency points. As illustrated in Fig. 2, BiSQA-
Fusion comprises five functional modules: (1) An input feature encod-
ing module consisting of an SSL-Encoder and a hearing loss encoder
(HL-Encoder). The former reduces the dimensionality of SSL-weighted
representations to focus on key features sensitive to quality assessment,
while the latter transforms sparse, low-dimensional hearing threshold
curves into a high-dimensional personalized auditory prior. (2) The
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Fig. 2. Schematic diagram of binaural speech quality assessment network.

AAFM bridges the cross-modal fusion gap between post-coded acous-
tic features and a priori audiogram information through a two-stage fu-
sion process: a shallow gated FiLM fusion stage and a deep CNN-BiLSTM
fusion stage, thereby achieving deep interaction between acoustic fea-
tures and audiogram. (3) The BFM is designed to capture interaction
cues for predicting overall binaural speech quality. (4) The SPM maps
high-dimensional features to scalar quality scores. (5) The QLM serves
as an auxiliary supervised task, optimized in conjunction with the SPM
through an MTL mechanism.

3.2. Input features and encoded representations

This paper employs the pre-trained WavLM Large [13] model as the
acoustic feature extractor. Here, the representations for the left and right
ear signals are extracted independently. To adaptively mine phonetic
representations highly correlated with quality assessment from multi-
layer SSL features, a learnable, layer-wise, weighted-aggregation strat-
egy is adopted. Taking the unilateral signal as an example, the HA de-
graded speech is transformed into multi-layer feature representations
S € RIXTXF 'where L = 25, T, and F denote the number of layers, tem-
poral frames, and feature dimensions, respectively, with F = 1024. The
specific aggregation process is formulated as:

_exp(4)
T L1 ’
Yo xXp(A)

L-1
Z=7Y ws,
1=0

where A € Rl represents the learnable parameter vector, denoted as
A= 1[4y, A1, -, Ap_1]. w; denotes the normalized attention weight for
the I-th layer after softmax activation. S; € R™F denotes the I-th layer
output. The aggregated representation Z € R™F is fed into the SSL-
Encoder, comprising a fully connected (FC) adapter layer, two cascaded
2D convolutional blocks, and two L, pooling layers, formulated as:

w

(€Y

SSLy =Ry(Z -W,+b,),

(2)
SSL, = LPPooli(5,(Bi(Con02D(SSL,-_];9[)));1)), ie (1.2}

where R, represents the reshape and dimension reduction operation
applied to the SSL features. W, and b, refer to the weights and bias of
the FC layer, respectively. LP Pool,(-; p), §;, B;, and Conv2D(-; 6;) denote
L, pooling with p = 2, GELU activation, batch normalization (BN), and
convolution operations of the i-th layer, respectively.

As prior information reflecting the individual degree of hearing loss
in HI patients, the audiogram consists of specific frequency hearing
thresholds obtained through standard pure-tone audiometry. The in-
put audiogram HL € R'*¢ utilized in this study covers six key octave-
band frequency points ranging from 250 Hz to 8 kHz. To bridge the
modal gap between low-dimensional discrete hearing thresholds and
high-dimensional SSL representations, the HL-Encoder applies an FC
adapter followed by two convolutional blocks:

— hl hl
Ag =Ry (HL - WD 4 5D,

A=, (B,(com2D (4,30 ))). je(1.2) ©

where R, denotes the reshape and dimension expansion operations ap-
plied to HL by the FC adapter layer. Wa(h” and bElh’ ) are the parameters of
the FC layer. ¢;, B;, and ConUZD(~;9;hI)) denote the PReLU activation,
BN, and convolution operations of the j-th layer, respectively.

3.3. Acoustic-audiogram fusion module

To achieve deep cross-modal integration of the encoded SSL repre-
sentations and the audiograms, a hierarchical two-stage AAFM is de-
signed. As detailed in Fig. 3, a gated FiLM stage is followed by CNN-
BiLSTM deep fusion. Before modulation, the encoded audiogram repre-
sentation is repeated along the time axis to match the temporal dimen-
sion of the SSL features, yielding y4 € ROXTxF,

Gated FiLM fusion stage, the audiogram representation y¥ dynam-
ically modulates the SSL features »% € RCXTXF yia channel-wise affine
transformation with adaptive gating:

By = (2P W, + b, yD Wy + by},
g=0'()((A)~Wg+bg), 4)
P=goro/+p+l-g0 1,
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Fig. 3. (a)The network architecture of AAFM; (b) The network architecture of BFM.

where y, § € RETXF are the scaling and shifting parameters linearly
mapped from the audiogram features, respectively. o(-) denotes the
sigmoid activation function, which squashes the gate pre-activation
into the (0,1) interval so that g acts as a continuous mixing coeffi-
cient. © denotes the Hadamard product. The gating mechanism en-
ables adaptive balance between preserving original acoustic represen-
tations (g — 0) and incorporating personalized hearing loss information
(g — 1), thereby avoiding information distortion caused by excessive
modulation.

CNN-BiLSTM deep fusion stage. To further capture the high-
dimensional correlations between the modulated acoustic features and
personalized hearing loss profiles, the modulated feature yf) and the
encoded audiogram priors ¥4 are concatenated along the channel di-
mension and fed into a deep fusion architecture formed by cascaded
CNN blocks and a BiLSTM network. The forward process is expressed
as:

KO = [P 4],

K0 = LPPoolk<5k(Bk(Conv2D(K(k_l);Gk)));p), ke{l,2}

®)
k=[R2 =R (),

2P0 = [LSTM(;‘(,,E,_I); LSTM(E,,E,+1)],

where [-; -] denotes concatenation along the feature dimension F, dou-
bling the feature axis of the convolved maps while preserving the chan-
nel and temporal dimensions. «© is the initial concatenated input.
LPPooli(+; p), 6, By, and Conv2 D(-; §,) denote L, pooling, GELU activa-
tion, BN, and convolution operations of the k-th layer, respectively. R
acts as a sequence reconstruction operation, flattening the convolved 2D
feature maps into a frame-level sequence . LSTM and LSTM denote
the forward and backward LSTM units along the time axis. The output
7P e RT*D integrates personalized audiogram priors with deep spa-
tiotemporal acoustic abstractions.

3.4. Binaural fusion module

Interaural interaction cues are essential for overall binaural
speech quality assessment, as they not only encode bilateral auditory

confirmation of the same source but also reflect listener-specific binaural
processing characteristics in HI populations. According to classical bin-
aural psychoacoustics [39-41], the perception of binaural speech qual-
ity emerges from three distinct cues: the shared spectral energy captured
by both ears (coherence), the interaural intensity disparity induced by
asymmetric hearing loss (asymmetry), and the nonlinear interaural cou-
pling that encodes fine-grained phase and envelope correlations (corre-
lation). However, existing binaural fusion strategies either average the
two channels or naively concatenate them along the feature axis, both
of which entangle these three cues into an opaque representation and
limit the discriminability of the fused feature. To explicitly disentangle
the corresponding components in the learned feature space, we design
the BFM with a three-step decouple-aggregate-reconstruct workflow, as
illustrated in Fig. 3, which serves as a perceptually motivated inductive
bias.

In Step 1 (Decoupling), three algebraic operations are applied to the

per-channel deep representations ;(;D F) and )(;QD F). The element-wise
sum ;(S(gf ) = )((LD LR ;(;D F) captures the bilaterally consistent coherent

component and serves as a noise-robust reference component. The ab-

solute difference ;((D £ = | I(LD B _ I;D o )| explicitly encodes interaural

di
asymmetry, which isff particularly informative under asymmetric hear-
ing loss or unbalanced binaural HA processing. The Hadamard product
X;zg) = ){(LDF) ) )(EQD ) encodes the nonlinear coupling between the fine-
grained envelopes of the two ears. Crucially, all three operations are
parameter-free and perceptually motivated, assigning well-defined psy-
choacoustic semantics to the decoupled components rather than leaving
them as learned yet opaque abstractions. Note that these operations are
analogous to physical measurements. They act on learned deep features
and serve as inductive biases.

Decoupling alone, however, is insufficient for effective fusion, since
the perceptual salience of each cue varies across listeners, hearing loss
profiles, and acoustic scenarios. An adaptive reweighting mechanism is
required. To this end, in Step 2 (Gated Aggregation), we introduce a
learnable channel-level gating mechanism. Each gate vector v, = o(w,)
(d € {sum, diff,prod}) is independently parameterized and optimized
end-to-end, allowing the network to dynamically suppress unreliable

cues (e.g., ){é:f)fF ) under bilateral NH cases where interaural asymmetry



is negligible) while amplifying perceptually dominant ones. The aggre-
gated representation is then obtained as:

Fbin = Z

de{sum,diff,prod }

(DF)
va® 1y ®)

where ® denotes broadcast multiplication along the feature dimension.

In Step 3 (Reconstruction), finally, the aggregated binaural unified
representation Fy;, is fed into an enhanced network comprising layer
normalization (LN) and FC layers to achieve nonlinear mapping and
information reorganization of features within a deep semantic space.
The detailed process is formulated as follows:

2" = Dropout(8(LN (Fy,) - W, + be)), @

where 6, W,, and b, denote the GELU activation, weight matrix, and bias
vector of the FC projection layer, respectively. ;(fﬁDn ) represents the final
fused binaural feature.

3.5. System ID embedding and score prediction module

To mitigate prediction biases arising from HA processing configu-
rations, each configuration is tokenized as an integer System ID, pro-
jected into a 16-dimensional embedding y;p, broadcast along the time
axis, and concatenated with the feature streams entering the SPM and
QLM. This explicit tokenization enables the network to disentangle
configuration-specific spectral patterns from the underlying perceptual
quality, thereby improving robustness when training data span hetero-
geneous HA processing pipelines. During inference, a configuration ab-
sent from training retains its initialized embedding and thus acts as an
unknown token, while the shared acoustic pathway, which is disentan-
gled from configuration bias during training, still benefits from the em-
beddings of the seen configurations.

The SPM maps high-dimensional features to the overall binaural
quality score, along with the independent left and right ear quality
scores. As depicted in Fig. 2, the SPM comprises an MHA layer, an Adap-
tive Average Pooling (AAP) layer, and an FC layer. For the overall bin-
aural quality prediction, the input is constructed by concatenating the
binaural representations with the unilateral features and the System ID
along the feature dimension, H,;, = [x\"": #""); ;(,EiDn ®: xp)- Similarly,
the inputs for the independent left and right ear predictions are formu-
lated as: H; = [;((LD b, x| and Hg = | ;(;D B, x|, respectively.

Taking the binaural quality assessment as a representative exam-
ple, the MHA mechanism effectively identifies critical temporal frames
that dominate perceptual scoring while capturing contextual informa-
tion across diverse representational subspaces. The input representation
H,,, is linearly projected into m distinct query, key, and value matrices.
The mathematical expression for the i-th attention head h; is formulated
as follows:

0, = HbanV,-Q7 K; = HbinVV[K’ V= HbinWV’

1

0K/
h; = Attention(Q;, K;, V;) = softmax Vi (€))
vy

H,, = Concat(hy, hy, -, h, )W°,

where Q;, K;, and V; are the query, key, and value vectors of the i-th
head, respectively. W,.Q, WX, and W,.V are the corresponding learnable
projection matrices. WO is the projection matrix that linearly maps the
concatenated outputs of all heads to the final output sequence H,,,.

Subsequently, AAP is performed over the time sequence, aggregating
all temporal feature representations across different time spans to reflect
the overall speech quality representation at an utterance level:

G, = AAP(H,,). (©)]

Finally, vector G, is fed into a fully connected layer to perform dimen-
sion reduction into the spatial domain. To ensure the predicted scores
strictly fall within the [0, 1] interval, a sigmoid activation function is

applied at the output end:
08y =0(Gy- Wy +by). (10)

where W, and b, are the weight and bias of the FC layer, and 0S bin
represents the predicted overall binaural quality score. Similarly, 05,
and 08 g represent the predicted independent scores for the left and
right ears.

3.6. Quality-level module

To further enhance the generalization capability of the shared fea-
tures, the QLM is introduced as an auxiliary classification task. Under
an MTL framework, the QLM imposes structural boundary constraints
on the latent feature space, compelling the network to acquire more dis-
criminative representations. This synergistic optimization consequently
elevates the prediction accuracy of the primary continuous score regres-
sion. Referencing the ITU-T P.800 standard for subjective MOS grading,
we map the continuous HASQI numerical intervals into a 5-level speech
quality grading scale, as detailed in Table 1.

Table 1

Speech quality-level classification intervals and labels.
Quality-Level Quality-Level Label MOS Value HASQI Value
Excellent 4 [4.5, 5] [0.875, 1]
Good 3 [3.5, 4.5) [0.625, 0.875)
Fair 2 [2.5, 3.5) [0.375, 0.625)
Poor 1 [1.5,2.5) [0.125, 0.375)
Bad 0 [1,1.5) [0, 0.125)

Taking the left ear branch as an example, the input to the QLM con-
catenates the deeply fused acoustic-audiogram feature ;((LDF), the System
ID encoding y;p, and the raw audiogram HL; along the feature dimen-
sion,where HL,; € R is first repeated along the time axis to R">®. As
depicted in Fig. 2, the QLM employs an Adaptive Max Pooling (AMP)
layer to capture the most salient responses along the time axis, followed
by a two-layer FC network. The feature transformation process is de-
fined as:

Ep = [ZEDF)§ IID;HLL]’

EY = AMP(E,), 11

E® = ReLU(B(E(L"_l) W+ b,,)), nei(l,2)

where [-; -; -] denotes concatenation along the feature dimension. E(LO) is
the global feature after AMP along the time axis, focusing on the most
discriminative responses. W, and b, represent the weights and bias pa-
rameters of the n-th FC layer, respectively, while B denote the corre-
sponding BN layer. The feature E(Lz) is normalized via the Softmax func-
tion to generate a probability distribution P; = [p;, p,, -, pol;, Where
O is the number of quality level classes. The category index associated
with the maximum probability, determined by the arg max(-) function,
serves as the predicted label OL I

p(f = Softmax(Ef))o,

OL, = argmax (pl), (12)
0e(1.2,...,0}

where OL . represents the predicted discrete quality label for the left

ear. An identical procedure is symmetrically applied to predict the right

ear quality level QL.

3.7. Loss function

To achieve comprehensive supervision of the overall binaural qual-
ity score, unilateral independent quality scores, and quality levels, the
model’s training objective is designed as a multi-task composite loss
function. This function is composed of weighted prediction errors for the



binaural overall quality score, unilateral ear quality scores, and quality-
level labels, with the mathematical expression as follows:

Lrorar = @ X L4 p(OSpins O i) + X
Y Lyap(@S.05)+ex Y Lep(OL,, P, 13)

ce{L,R} ce{L,R}

where £, ,;(QS};,. 0S;;,,) denotes the Mean Absolute Error (MAE) be-
tween the predicted binaural comprehensive score Q\S‘bm and the corre-
sponding ground-truth Q.S,;,, which constrains the model’s fit to global
auditory perception. For the left channel branch, £, ,;(0S;,03;) de-
notes the MAE between the predicted and ground-truth scores, while
Lcp(OL;, Pp) denotes the Cross-Entropy (CE) loss between the ground-
truth quality-level label OL; and the predicted probability distribution
P; . The loss terms for the right channel branch are defined identically.
a, u, and e serve as balancing weights that modulate the gradient contri-
butions of each loss term. In this study, « = u = 1 for the score prediction
losses and € = 0.02 for the quality-level CE loss. The specific process is
as shown in Algorithm 1.

4. Experiment settings
4.1. Data preparation

4.1.1. Datasets

Two publicly available benchmark datasets are used to assess the
generalization and robustness of the proposed BiSQAFusion across het-
erogeneous hearing loss profiles and HA system configurations.

The first dataset is drawn from the CPC1 Challenge, which provides
binaural speech processed by HA algorithms and therefore faithfully
reproduces the acoustic characteristics of HA binaural outputs [25].
CPC1 defines two evaluation tracks, Seen and Unseen, corresponding
to whether the listener (binaural audiogram) and the HA configuration
(System ID) are observed during training. The Seen track contains 4879
training and 2421 test samples spanning 10 HA configurations and 27
listeners. The Unseen track comprises 3580 training samples (9 config-
urations, 22 listeners) and 632 test samples (10 configurations, 27 lis-
teners). Note that the two tracks are not strictly disjoint in factor cov-
erage: the Unseen test split shares 9 of its 10 HA configurations and 22
of its 27 listeners with the Unseen training split, and only configura-
tion (E018) and the remaining 5 listeners are strictly unobserved during
training. The Unseen track thus evaluates generalization to novel con-
figurations and listeners under partial factor overlap, rather than to an
entirely unseen condition. The 10 HA configurations are indexed from 0O
to 9 and used as System IDs during training and inference. To meet the
input specification of WavLM-Large, all signals are downsampled from
44.1 kHz to 16 kHz, no further preprocessing is applied.

Because CPC1 contains exclusively bilateral HL samples, a second
simulated corpus is built upon the DNS Challenge [42] to addition-
ally cover bilateral NH and unilateral HL scenarios. The source corpus
provides over 500h of clean monaural speech from 2150 speakers at
16 kHz. Segments with a voice activity ratio above 60% and energy
within [-35,—15] dB are first retained. 16,000 segments are randomly
selected and either cropped or zero-padded to 6s using silence-aware
segmentation to preserve complete semantic units. Noise samples from
NoiseX-92 [43] are mixed at signal-to-noise ratios from —5 to 15 dB in
5 dB steps, and the monaural mixtures are duplicated to form binaural
noisy inputs. We note that this construction contains no spatial cues
(no ITD/ILD/HRTF). Interaural differences arise solely from the per-
ear, audiogram-driven gain compensation. Simulated HA degradation
and compensation are subsequently applied following the procedure
described in [16]. Specifically, DeepFilterNet3 [44] performs front-end
denoising, after which listener-specific gain compensation is realized by
combining four prescription formulas with multi-channel wide dynamic
range compression. The prescriptions include two non-linear (DSL v5,
FIG6) and two linear (NAL-R, POGO) formulas, indexed 0-3 as System

Algorithm 1: Training procedure of the proposed BiSQAFusion.

Input: Binaural HA compensated speech .S = {5, Sy }; binaural
audiogram HL = {HL;,HLy}; HA system identifier ID;
ground-truth scores Q.S = {0S};,, 0S;,0Sg} and quality
levels OL = {QL;,QL}, loss weights a, u, ¢, epoch
number E, learning rate .

Output: Trained model parameters ©*, predicted quality scores

63 = {é@bm, éTSL, @R} and levels
éz = {éz L éZR}-
1 Initialize all trainable parameters © of BiSQAFusion;
2 for epoch=1,2,...,E do
3 for each mini-batch {S,HL,ID,QS,QL} in training set do
// 1. Multi-layer SSL feature extraction.

4 for c € {L,R} do
5 ‘ Z, < WeightedLayerAgg(WavLM(S,));
6 end
// 2. Modality-specific encoding.
7 for c € {L,R} do
8 ;(L(.S) « SSL-Encoder(Z,);
9 ;(ﬁA) « HL-Encoder(HL,);
10 end
// 3. Hierarchical acoustic-audiogram fusion
via AAFM.
1 for c € {L,R} do
/* Stage 1: gated FilM fusion. */
12 7« GatedFiLM(4>, yy;
/* Stage 2: deep CNN-BiLSTM fusion. */
13 2P0« CNN-BILSTM(L2 " 2D

14 end
// 4. Binaural fusion via BFM.
/* Decouple three perceptually motivated

interaural components. */

15 2P0« BEM(x PP, £ PP,

// 5. Configuration-aware System ID embedding.
16 xip < Broadcast(Embedding(ID));

// 6. Score and quality-level prediction.
v 108, 05,05} < SPMG,"" 2" o)™ s
18 {OL;.0Lg} < QLM(x"" . xP7 HL, yp);

// 7. Multi-task joint optimization.
19 Compute total loss L, via Eq. (13);
20 0O« 0 —-7n-VoLlrowan

Result: Updated parameters © for the current

mini-batch;

21 end
22 Decay learning rate  via cosine annealing;
23 end

IDs, with the NH condition labeled 4. The simulated corpus is partitioned
into training, validation, and test subsets at a ratio of 80%:13%:7%.

4.1.2. Audiograms

The 27 binaural audiograms released with CPC1 are used as prior in-
formation. To align the audiogram representation with the granularity
of the target metric (HASQI), pure-tone thresholds at six octave frequen-
cies from 250 Hz to 8 kHz are extracted. Following the WHO 2021 crite-
ria [1], the per-ear pure-tone average (PTA) over 500 Hz, 1 kHz, 2 kHz,
and 4 kHz is used to grade HL into five levels: NH (PTA < 20 dB HL),
Mild (20 < PTA < 35), Moderate (35 < PTA < 50), Moderately Severe
(50 < PTA < 65), and Severe (PTA > 65 dB HL). Three binaural scenar-
ios are further defined [1]:(i) Bilateral NH, both ears PTA < 20 dB; (ii)
Bilateral HL, both ears PTA > 20 dB; (iii) Unilateral HL, better-ear PTA
< 20 dB and worse-ear PTA > 35 dB HL.



Since all CPCl1 listeners fall within the Bilateral HL category, 57
binaural audiograms from the National Health and Nutrition Exami-
nation Survey (NHANES) database [45] are incorporated into the DNS
Challenge-based simulation to broaden the coverage of asymmetric HL
and NH conditions. A topological expansion strategy is then applied:
57 unilateral HL audiograms are synthesized by forcing one ear of each
original pair to 0 dB HL, and a single ideal bilateral NH (0 dB HL) audio-
gram is appended, yielding 115 binaural audiograms in total. To rigor-
ously assess generalization to unseen listeners, the audiograms are par-
titioned in a non-overlapping manner: 51 original pairs, together with
their derived variants and the ideal bilateral-NH audiogram (103 in to-
tal), are used for training and validation; the remaining 6 pairs and their
variants (12 in total) are held out as unseen. The test partition spans all
115, jointly assessing in-distribution accuracy and unseen-profile gen-
eralization.

4.2. Experimental procedure and ground-truth generation

During training, the HA compensated binaural signals are decou-
pled into two independent channels and fed into WavLM Large to ex-
tract per-layer hidden representations, which are then adaptively inte-
grated via a learnable layer-wise weighting scheme and projected by the
SSL-Encoder. In parallel, the HL-Encoder distills abstract representations
from the audiogram and aligns their dimensionality with that of the SSL-
encoded features. The two encoded streams are subsequently passed to
the AAFM for cross-modal fusion, and the resulting dual-branch outputs
are forwarded to the BFM for interaural cue extraction. The SPM con-
currently produces left, right, and binaural quality scores. In parallel,
the QLM regularizes shared representations via coarse-grained five-class
supervision. In inference, the trained network operates solely on the HA-
processed binaural speech, individual audiograms, and the System ID to
produce all three scores in a single forward pass, without requiring any
clean reference. Clean references are used exclusively to compute the
HASQI-based supervision signals during training and evaluation.

Given the absence of publicly available large-scale datasets for sub-
jective quality assessment of monaural/binaural HA speech, this study
adopts HASQI [9], an objective metric extensively validated in interna-
tional challenges and auditory research [28,29,46], as the ground-truth
for model optimization. We emphasize that HASQI serves as a validated
perceptual proxy for subjective quality, not a subjective measurement
per se, and defer validation against subjective binaural ratings to future
work upon public data availability. The left and right ear HASQI values
are computed independently from the clean reference and the corre-
sponding HA outputs, and serve as channel-level ground-truth scores.
The binaural overall ground-truth is constructed via an asymmetric per-
ceptual fusion that mirrors clinical findings on dominant-ear integra-
tion:

0S8}, = ¢ Xxmax(QS;,0Sg) + (1 =) X min(QS;, 0SR). (14)

where ¢ represents the contribution weight of the dominant ear (the
side with the higher HASQI score). In this study, ¢ is fixed a priori to
0.7 following psychoacoustic evidence: the binaural loudness model of
Moore et al. [39] assigns the louder ear an effective weight of approxi-
mately 0.7 in overall loudness perception, and Bronkhorst et al. [40,41]
further report that listeners with hearing impairment rely on the higher-
SNR ear at a comparable level (~70%), as compromised neural process-
ing weakens the fine interaural comparisons required for binaural noise
cancellation.

To examine the sensitivity of BiSQAFusion to this a priori choice,
Table 2 reports a stability check in which the network is retrained
and evaluated on the CPC1 Seen test set under perturbed values ¢ €
{0,0.3,0.5,0.7,1}. Three regimes emerge. When ¢ € {0, 1}, the supervi-
sion degenerates into fitting a single ear, which biases the model toward
local features and suppresses the learning of interaural cues, yielding the
lowest accuracy. When ¢ € {0.3,0.5}, correlation metrics improve but
remain suboptimal given the non-linear nature of binaural perception.

When ¢ = 0.7, both the absolute error on the binaural composite score
(RMSE=0.039, MAE=0.030) and the per-channel prediction accuracy
reach their global optima, indicating that dominant-ear-weighted su-
pervision simultaneously refines global and local representations. This
optimum is consistent with established findings in binaural psychoa-
coustics. Accordingly, fixed a priori from the psychoacoustic evidence
above, ¢ = 0.7 is used for all subsequent experiments.

4.3. Comparative baselines

To assess the effectiveness and robustness of BiSQAFusion in bin-
aural scenarios, a comparative baseline set is constructed that com-
prises two classical non-intrusive metrics for NH listeners and four
state-of-the-art (SOTA) models tailored to HA scenarios. The NH base-
lines include Quality-Net [33], which learns a non-linear mapping
from acoustic features to PESQ, and MOS-Net [34], which directly re-
gresses subjective MOS. The HA-oriented baselines comprise SQINet-
HLlevel [12] for HASQI prediction, HASA-Net [15] and its enhanced
variant HASA-Net* [17] for joint HASQI/HASPI prediction, and MTSE-
LA [16] likewise targeting HASQI/HASPI. All of them have reported
competitive accuracy on degraded speech within their original bench-
marks. Notably, both HASA-Net" and BiSQAFusion adopt WavLM-Large
weighted representations and audiograms as inputs. Since all selected
baselines are designed for monaural inputs, their direct application to
binaural assessment would introduce uncontrolled architectural bias.
To enable a fair comparison, each baseline is therefore extended into
a weight-sharing Siamese architecture that processes the two channels
in parallel. All baselines were re-trained from scratch on our binaural
training data. Aside from this minor modification, the network configu-
rations, loss functions, and hyperparameters strictly follow the settings
reported in their original literature.

4.4. Evaluation metrics and implementation details

This study employs four performance evaluation metrics to validate
the effectiveness of BiSQAFusion. To measure correlation, the Pearson
correlation coefficient (PCC) and Spearman’s rank correlation coeffi-
cient (SRCC) are utilized to assess the linear and monotonic correlations
between the network’s predicted outputs and the ground-truth values,
respectively. To measure error, the root mean square error (RMSE) and
the mean absolute error (MAE) are used to quantify discrepancies be-
tween predictions and ground truths. Significance protocol. Unless oth-
erwise stated, all models are independently trained with five different
random seeds. For each run, the checkpoint with the best validation per-
formance is evaluated on the test set, and all reported metrics are aver-
aged over the five runs. For significance testing, the five per-run metric
values of BiSQAFusion and each competing model are compared using
a two-tailed paired Student’s t-test. Differences are deemed significant
at p < .05.

BiSQAFusion predicts independent quality scores and level labels for
each channel, as well as the overall binaural composite score. The net-
work consists of five key modules: SSL/HL encoders, AAFM, BFM, SPM,
and QLM. Detailed parameter settings for each module are provided in
Table 3. The entire network is trained end-to-end using the Adam opti-
mizer to minimize the total loss L,,,, via backpropagation. The initial
learning rate is set to 1 x 107, with a cosine annealing schedule em-
ployed for dynamic adjustment throughout training. This approach mit-
igates the risk of local optima and accelerates convergence. Experiments
use a batch size of 16 and 200 total training epochs.

5. Experimental results and analysis
5.1. Feature-level ablation and hierarchical SSL fusion validation

To systematically validate the rationality of input-feature selec-
tion and the necessity of hierarchical SSL aggregation, comprehensive



Table 2
Prediction performance of BiSQAFusion under varying weights for the dominant ear.

¢ Binaural Left Channel Right Channel
PCC SRCC RMSE MAE PCC SRCC RMSE MAE PCC SRCC RMSE MAE
0 0.928 0.939 0.044 0.033 0.929 0.936 0.048 0.035 0.927 0.933 0.051 0.037
0.3 0.932 0.942 0.043 0.032 0.923 0.930 0.045 0.033 0.926 0.932 0.047 0.035
0.5 0.934 0.938 0.042 0.032 0.926 0.934 0.044 0.033 0.930 0.936 0.046 0.034
0.7 0.942 0.944 0.039 0.030 0.935 0.941 0.041 0.030 0.933 0.939 0.042 0.032
1 0.925 0.925 0.048 0.035 0.925 0.933 0.047 0.035 0.925 0.930 0.049 0.036
Table 3
Parameter settings of the core modules in the proposed framework.
Module Module Layer Input size Hyperparameter Output size
Adapter Layer 1 X T x 1024 256 1 XT %256
Conv2d_SSL_1 1XT x256 3x3,(1,1),16 16 X T x 256
SSL-Encoder LPPool2d_SSL_1 16 X T x 256 2,1x2 16 X T x 128
Conv2d_SSL_2 16 X T x 128 3x3,(1,1),32 32xT x 128
LPPool2d_SSL 2 32xT x 128 2,1x4 32XxXT x32
Adapter Layer IX1x6 256 1x1x256
HL-Encoder Conv2d_HL_1 1x1x256 1x3,(1,2),16 16 x1x 128
Conv2d_HL 2 16 x 1x 128 1x3,(1,4),32 32x1x32
Repeat 32x1x32 — 32xT x32
Gate FiLM 32X T x32;32xXT x32 — 32XxT x32
Cat 32xT x32;32xT x32 — 32xT x64
Conv2d_1 32X T x64 3x3,(1,1),64 64 xT X 64
AAFM (L/R) LPPool2d_1 64 X T % 64 2,1x4 64xXT X 16
Conv2d_2 64XxT x16 3x%x3,(1,1),32 32xTx16
LPPool2d_2 32XxTx16 2,1x4 32XT x4
BiLSTM T x 128 64 T x 128
LayerNorm T %128 128 T x 128
BFM Linear T x 128 128 T x 128
GELU T x 128 — T x 128
Embedding 1x1 (5/10, 16) 1x16
System ID Expand 1x16 — Tx16
Cat T x 128(B);T x 128(L, R); T x 16(ID)  — T x 400
MHA T x 400 400,h =8 T x 400
SPM (B) AAP T x 400 1 1 %400
Dense 1 %400 1 1x1
Cat T x 128(L/R);T x 16(1 D) — T x 144
MHA T x 144 144,h =8 T x 144
SPM (L/R) AAP T x 144 1 1x 144
Dense 1x 144 1 Ix1
Cat Tx 128(L/R):;T X 6(HL), T x 16(ID) — T X 150
AMP T x 150 1 1x 150
QLM (L/R) Linear_1 1x150 75 1x75
Linear 2 1x75 5 1x5
Softmax 1x5 — 1x5

comparative experiments are conducted across six acoustic feature con-
figurations, with audiograms held as a fixed conditional input. Three
classical features: Magnitude [12,15,16], LMFB [18], and Gammatone
FBE [4], are first compared with three large-scale SSL representa-
tions: Wav2Vec 2.0 Large! [47], HuBERT Large” [48], and WavLM
Large® [13]. For all SSL variants, only the 1024-dimensional final-layer
outputs are extracted and denoted as "(Last)" variants, in contrast to the
proposed adaptive multi-layer aggregation strategy adopted by BiSQA-
Fusion. Quantitative results are reported in Table 4. All results in the
table were validated via a two-tailed Student’s t-test (p < .05).

Three insights emerge from the comparison. First, among the clas-
sical acoustic features, LMFB and Gammatone FBE exhibit pronounced
cross-scenario fragility: despite relatively moderate predictive perfor-
mance on the CPC1 Seen test set, their Unseen PCC collapses to 0.757 and
0.567, respectively. The uncompressed Magnitude spectrum, despite
lacking auditory-band weighting, retains comparatively richer low-level
acoustic textures, yielding more stable cross-scenario performance (Un-

1 https://huggingface.co/facebook/wav2vec2-large-960h
2 https://huggingface.co/facebook/hubert-large-1s960-ft
3 https://huggingface.co/microsoft/wavlm-large

seen PCC = 0.824). This dichotomy reveals that handcrafted compressed
features inadvertently discard distortion cues critical for HA quality as-
sessment when distribution shifts occur. Second, the superiority of SSL
features is conditional rather than universal. Wav2Vec 2.0 Large (Last)
and HuBERT Large (Last) underperform Magnitude under Unseen con-
ditions (PCC: 0.803 and 0.709vs. 0.824), because their ASR-oriented
pre-training objectives drive top-layer representations toward purely
linguistic semantics, stripping away the low-level acoustic textures and
distortion patterns that quality assessment fundamentally relies upon.
In contrast, WavLM Large (Last) achieves PCC = 0.915/0.862 owing to
its richer noise and speaker modeling pre-training objectives, which ex-
plicitly preserve quality-relevant acoustic cues in non-semantic dimen-
sions. Third, the adopted hierarchical aggregation strategy delivers fur-
ther substantial gains over WavLM Large (Last), boosting PCC/SRCC
by 0.027/0.026 (Seen) and PCC/SRCC by 0.044/0.040 (Unseen) while
reducing RMSE/MAE by 0.008/0.005 (Seen) and 0.007/0.005 (Un-
seen). The mechanism behind this gain is that lower WavLM layers
carry fine-grained acoustic distortion information, whereas upper lay-
ers encode high-level phonetic abstraction. The learnable weights w; in
Eq. (1) adaptively balance these complementary semantic levels for the
quality-assessment objective, fully exploiting the hierarchical comple-
mentarity reported in [14]. To visually demonstrate the gains from this
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Fig. 4. Scatter plots of predicted versus ground-truth binaural composite quality scores on the CPC1 Unseen test set: each input-feature variant (blue) versus
BiSQAFusion with adaptive multi-layer SSL aggregation (yellow). The dashed line denotes the ideal diagonal.

Table 4

Prediction performance of BiSQAFusion using different input features.
Module Seen Unseen

PCCt SRCC?t RMSE| MAE| PCCt SRCC?t RMSE| MAE|

Magnitude 0.883 0.883 0.053 0.040 0.824 0.806 0.054 0.042
Gammatone FBE 0.889 0.889 0.053 0.039 0.567 0.429 0.080 0.063
LMFB 0.894 0.896 0.051 0.038 0.757 0.737 0.061 0.048
Wav2vec 2.0 Large (Last) 0.884 0.886 0.055 0.042 0.803 0.786 0.056 0.044
HuBERT Large (Last) 0.894 0.901 0.052 0.039 0.709 0.679 0.066 0.052
WavLM Large (Last) 0.915 0.918 0.047 0.035 0.862 0.861 0.048 0.037
BiSQAFusion 0.942 0.944 0.039 0.030 0.906 0.901 0.041 0.032

Note: 1 (}) indicates that higher (lower) values represent better performance.

hierarchical fusion strategy, Fig. 4 shows scatter plots of the predicted
and ground-truth binaural composite quality scores for BiSQAFusion
and its input-feature variants on the CPC1 Unseen test set. The gray
dashed line represents the ideal diagonal (slope = 1) where predictions
perfectly match ground truths. The blue and yellow solid lines represent
the fitting lines for the input-feature variants and the proposed BiSQA-
Fusion, respectively. It is observable that the prediction scatter points
of BiSQAFusion cluster most tightly along the ideal diagonal with the
smallest discrete variance. This further validates the rationality of using
WavLM as an acoustic feature extractor and the significant effectiveness
of the adaptive hierarchical fusion strategy in improving the accuracy
of speech quality prediction.

5.2. Effectiveness of binaural fusion architecture: monaural Vs. binaural
networks

To rigorously validate the superiority of the proposed BiSQAFusion
over independent monaural training schemes in terms of binaural com-
prehensive quality estimation and independent unilateral quality pre-
diction, this section systematically compares the predictive performance
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of the monaural and BiSQAFusion training pipelines. Specifically, the
experimental setup comprises six configurations: Mon-L, Mon-R, and
Mon-Bin, corresponding to independent training on the left channel,
right channel, and their subsequent binaural post-fusion composite, re-
spectively. For these baselines, the training network directly reuses the
unilateral branch structure of BiSQAFusion. Conversely, BiSQAFusion-L,
BiSQAFusion-R, and BiSQAFusion-Bin correspond to the left-ear, right-
ear, and binaural comprehensive quality scores output under the pro-
posed joint training framework.

As shown in Table 5, in the CPC1 test sets, the quality scores of the
binaural composite predicted by BiSQAFusion significantly outperform
those obtained by combining scores from independently trained monau-
ral models. On the Seen test set, BiSQAFusion-Bin achieves PCC and
SRCC of 0.942 and 0.944, respectively, with RMSE and MAE as low as
0.039 and 0.030, demonstrating excellent predictive precision. To visu-
ally illustrate these discrepancies, Fig. 5 provides a bar chart comparison
of relevant metrics. On the Unseen test set, the performance gap between
BiSQAFusion-Bin and Mon-Bin widens further, with BiSQAFusion-Bin
improving the PCC and SRCC by 0.024 and 0.023 over Mon-Bin, while
reducing the RMSE and MAE by 0.006 and 0.003, respectively. This



Table 5

Prediction performance of BiSQAFusion and monaural Network.

Module Params(M) FLOPs(G) Seen Unseen

PCCt SRCCt RMSE| MAE| PCCt SRCCt RMSE| MAE|
Mon-L 0.51 1.13 0.930 0.938 0.045 0.033 0.883 0.888 0.047 0.036
Mon-R 0.51 1.13 0.927 0.934 0.049 0.036 0.817 0.810 0.055 0.043
Mon-Bin 1.02 2.26 0.936 0.940 0.045 0.032 0.882 0.878 0.047 0.035
BiSQAFusion-L 1.17 2.67 0.935 0.941 0.041 0.030 0.896 0.893 0.043 0.033
BiSQAFusion-R 0.933 0.939 0.042 0.032 0.892 0.891 0.044 0.035
BiSQAFusion-Bin 0.942 0.944 0.039 0.030 0.906 0.901 0.041 0.032

indicates that the proposed binaural architecture exhibits stronger
generalization capabilities when confronted with unseen conditions.
Notably, despite the significant performance gains achieved by
BiSQAFusion-Bin, its parameter size and computational complexity re-
main on the same order of magnitude as Mon-Bin, introducing no ex-
cessive computational overhead.

Furthermore, under the joint optimization framework of BiSQAFu-
sion, the unilateral quality prediction branches (BiSQAFusion-L and
BiSQAFusion-R) achieve significant improvements over their indepen-
dently trained counterparts (Mon-L and Mon-R). This implies that bin-
aural joint modeling not only elevates comprehensive quality prediction
but also effectively enhances the discriminability of unilateral quality
representations. In particular, on the Unseen test set, while Mon-R shows
noticeable degradation, the performance deterioration of BiSQAFusion-
R is significantly mitigated. This phenomenon illuminates the core infor-
mation fusion mechanism of the network: through interaural informa-
tion interaction, BiSQAFusion fully excavates the complementarity and
consistency between left- and right-channel features. This deep integra-
tion not only improves the accuracy of binaural comprehensive quality
estimation but also provides stable and effective information for unilat-
eral quality assessment.

Finally, to evaluate the cross-scenario generalization stability of
BiSQAFusion, Fig. 6 illustrates the performance gap between the Seen
and Unseen test sets for each model. The visualizations clearly demon-
strate that, for both unilateral and binaural comprehensive predictions,
the performance gap of BiSQAFusion is markedly smaller than that of in-
dependent monaural training schemes, especially for the PCC and SRCC
metrics. This further validates the efficacy of the proposed binaural in-
formation fusion architecture in bolstering the model’s generalization
robustness.

5.3. Ablation and comparative analysis of network architecture

To verify the contribution of each functional module, systematic ab-
lation experiments are conducted under incremental module stacking
(Table 6). Given that the SPM is responsible for the final mapping of
predicted scores, it was established as the foundational module, yield-
ing a baseline model, BiSQAFusion-Base, in which input features are
concatenated and dimensionally reduced via FC layers. Starting from
BiSQAFusion-Base, the SSL/HL-Encoders, AAFM, BFM, QLM, and Sys-
tem ID are introduced sequentially. The incremental results reveal a
consistent improvement at each integration step, with the largest single
gain contributed by the encoders and each subsequent module providing
a further statistically significant increase.

5.3.1. Impact analysis of encoders

Replacing the FC-based concatenation in BiSQAFusion-Base with
the SSL/HL-Encoders yields the largest single-step gain across the en-
tire ablation chain. On the Seen test set, the correlation metrics PCC
and SRCC improved by 0.041 and 0.037, respectively, while the er-
ror metrics RMSE and MAE decreased by 0.007 and 0.004, respec-
tively. Furthermore, on the Unseen test set, the encoder-integrated net-
work exhibited substantially greater robustness than BiSQAFusion-Base,
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strongly corroborating the effectiveness of the encoder design. This per-
formance leap is attributed to the encoders’ superior capacity for learn-
ing task-relevant representations. First, the SSL-Encoder, through cas-
caded Conv2D and L, pooling, suppresses high-dimensional acoustic
redundancy by exploiting locality and translation-invariance inductive
biases, thereby concentrating modeling capacity on the perceptually
salient acoustic regions. Second, the HL-Encoder, conversely, reverses
the dimensional asymmetry: it expands the sparse 6-D audiogram into
a 32-D structured embedding via Conv2D with progressive strides, alle-
viating the manifold-level imbalance that previously overwhelmed the
audiogram with SSL features in shallow concatenation. Notably, with
the encoders integrated, the performance gap between the Seen and Un-
seen narrows considerably, suggesting that the encoders learn more sta-
ble, transferable representations rather than merely fitting the training
distribution.

5.3.2. Impact analysis of acoustic-audiogram fusion module

Building on the encoder-integrated network, the contribution of the
AAFM is further isolated. As reported in Table 6, introducing the AAFM
consistently improves the predictive accuracy of BiSQAFusion: PCC and
SRCC rise by 0.003 and 0.006, while RMSE and MAE drop by 0.003 and
0.002, respectively, providing preliminary evidence of its cross-modal
modeling capability on heterogeneous inputs.

To dissect the hierarchical fusion strategy underlying the AAFM, four
representative variants are compared within a unified framework: fea-
ture concatenation (Concat), feature addition (Add), Gated FiLM Fusion
only (GFF), and CNN-BiLSTM Fusion only (CBF). Dimensional inconsis-
tencies are resolved by fully-connected mapping layers, and all other
components and training configurations are kept identical to ensure a
controlled comparison. The corresponding results are summarised in
Table 7, from which three observations emerge.

First, static shallow fusion suffers from limited generalization. Con-
cat and Add yield slightly inferior accuracy on the Seen test set, and
Concat further deteriorates sharply on the Unseen set (PCC = 0.742),
indicating that direct aggregation cannot adequately disentangle the
non-linear coupling between speech representations and hearing-loss
priors. Second, single-mechanism fusions consistently outperform shal-
low ones but exhibit distinct weaknesses. GFF strengthens the condition-
ing of acoustic representations on audiogram priors through gated mod-
ulation, achieving robust cross-scenario performance (PCC = 0.883,
SRCC = 0.882 on the Unseen set). CBF, in turn, attains the highest
known-scenario correlation (PCC = 0.931) via deep convolutional and
temporal modeling, yet remains susceptible to scenario shifts (PCC =
0.768 on Unseen), revealing pronounced overfitting to acoustic arti-
facts. Third, the proposed AAFM (GFF + CBF) achieves the best overall
performance through its dual-stage hierarchical design: GFF first per-
forms prior-guided modulation and noise suppression on the acoustic
stream, followed by CBF, which refines the modulated features through
spatiotemporal contextualization. The two stages are complementary:
prior-driven gating mitigates the artifact overfitting observed in CBF-
only, while deep contextual modeling lifts the representational ceiling
beyond GFF-only. As a result, AAFM improves PCC and SRCC on the
Unseen set to 0.906 and 0.901, and lowers RMSE and MAE to 0.041 and



1.00 1.00
=3 Mon(Seen) [ Mon(Unseen) =3 Mon(Seen) [ Mon(Unseen)
[ BiSQAFusion(Seen) N BiSQAFusion(Unseen) [ BiSQAFusion(Seen) EHE BiSQAFusion(Unseen)
0.95 0.95 0:938 0:941 5540939 0.944
= =
$0.90{—[EEEEES). ... 089 . B o592 5 0.90 - [BEE o 0.893 oo
0‘3 s
S 53
3 %]
) = I =
© 0.85 = (= B & & 2085 ~ — - ~ = &
= = = ©n = = = = =
= £ = = = b= £ =
2 Z Z ] ] ] Z %
0807 < BN 2 < . ) < 0.80 < I & < I ) <
(=4 (=4 (=4 (=4 o o (=4 (=4
-] @ =] -] -] =] 4] [=-]
0.75 - - 0.75 - -
Left Channel Right Channel Binaural Left Channel Right Channel Binaural
(a) PCC (b) SRCC
0.055
== Mon(Seen) [ Mon(Unseen) = Mon(Seen) [ Mon(Unseen)
0.06 1{ =3 BiSQAFusion(Seen) R BiSQAFusion(Unscen) | 0.050 1| =0 BiSQAFusion(Scen) [ BiSQAFusion(Unseen) |
0.055
0.045 0.04
fan 0.05 ~ 0.040
e =7 0.036 0.036 0.035 0.035
‘E E 0.035 10033 o033 ] : :
E 0041 [ B 1 | Jis)
7 = @ 0.0301 - el e £
: % i E % g
0.03 1[5 IR - N 5 [ 002511 5 R S s
2 2 Z ] Z
= M = Z 0.020 1|2 (G ,5 —————————— =
L 2 B z
0021 ENZ IERE 2 e ¢ 0015+ E 12 REAR Z e 4
=] -l = /A ”a 5
0.010

Left Channel Right Channel

(c) RMSE

Binaural

Left Channel

Right Channel
(d) MAE

Binaural

Fig. 5. Predictive performance comparison between BiSQAFusion and monaural baselines. The comparisons are conducted across Left channel (L), Right channel
(R), and Binaural (Bin) inputs under both seen and unseen test scenarios. The bold red values indicate the superior performance within each comparison group.

— A=0.036 _ A=0.043
BiSQAFusion-Bin- £ BiSQAFusion-Bin - £
z A=0.054 ] A=0.062
Mon-Bin - E Mon-Bin - E
E A=0.041 E A=0.048
BiSQAFusion-R - s BiSQAFusion-R - =
o A=0.110 o A=0.124
Mon-R - & o Q Mon-R- 2 (@] Q
2p 2
~ ~
e A=0.039 e A=0.048
BiSQAFusion-L- § BiSQAFusion-L- §
5 A=0.047 5 A=0.050
Mon-L- &= Mon-L - &=
@ @
— —
078 080 082 084 086 088 090 092 094 096 078 080 082 084 08 088 090 092 094 096
PCC Score (1) SRCC Score (1)
(a) PCC Gap Analysis (b) SRCC Gap Analysis
A=0.002 A=0.002
- @ - @
BiSQAFusion-Bin - & o—o0 Seen | piSQAFusion-Bin - E Seen
2 A=0.002 @ Unseen 2 A=0.003 @ Unseen
Mon-Bin-3 o0 —— Gap (b) Mon-Bin -5 o 0 —— Gap ()
H A=0.002 £ A=0.003
BiSQAFusion-R - £ o—0 BiSQAFusion-R - 5 oO—0
o A=0.006 o A=0.007
Mon-R- = Mon-R-=
.M .“
& &
] A=0.002 E A=0.003
BiSQAFusion-L- § o—0 BiSQAFusion-L - §
S A=0.002 ) A=0.003
Mon-L - = o—0 Mon-L- &= o—=0
= =
0.035 0.040 0.045 0.050 0.055 0.025 0.030 0.035 0.040 0.045
RMSE Error (|) MAE Error ()
(c) RMSE Gap Analysis (d) MAE Gap Analysis

Fig. 6. Comparative analysis of performance gaps between monaural baselines and BiSQAFusion.

12



Table 6
Predictive performance of BiSQAFusion with different module combinations.

Module Params(M) FLOPs(G) Seen Unseen
PCCt SRCCt RMSE| MAE| PCCt SRCC?T RMSE| MAE|
BiSQAFusion-Base 0.39 0.40 0.883 0.886 0.055 0.040 0.805 0.803 0.057 0.044
+SSL-Encoder & HL-Encoder 0.73 1.21 0.924 0.923 0.048 0.036 0.855 0.856 0.049 0.039
+SSL-Encoder & HL-Encoder & AAFM 0.74 2.43 0.927 0.929 0.045 0.034 0.877 0.875 0.046 0.037
+SSL-Encoder & HL-Encoder & AAFM & BFM 1.09 2.62 0.933 0.937 0.043 0.033 0.887 0.884 0.044 0.035
+SSL-Encoder & HL-Encoder & AAFM & BFM & QLM 1.10 2.62 0.935 0.938 0.042 0.032 0.890 0.888 0.043 0.034
+SSL-Encoder & HL-Encoder & AAFM & BFM & QLM & ID 1.17 2.67 0.942 0.944 0.039 0.030 0.906 0.901 0.041 0.032
Table 7
Prediction performance of BiSQAFusion under different acoustic-audiogram fusion
strategies.
Fusion Seen Unseen
PCCt SRCC?T RMSE] MAE| PCCt SRCC?t RMSE] MAE|
Concat 0.923 0.925 0.045 0.034 0.742 0.726 0.064 0.051
Add 0.914 0.920 0.047 0.035 0.840 0.848 0.054 0.043
GFF 0.927 0.929 0.043 0.032 0.883 0.882 0.045 0.036
CBF 0.931 0.935 0.044 0.033 0.768 0.766 0.062 0.049
AAFM 0.942 0.944 0.039 0.030 0.906 0.901 0.041 0.032
Table 8
Prediction performance of BiSQAFusion for symmetric vs. asymmetric hearing loss scenarios.
Network All Symmetric HL (85.2%) Asymmetric HL (14.8%)
PCCt SRCC?t RMSE| MAE| PCCt SRCC?t RMSE| MAE| PCCt SRCCt RMSE| MAE/|
BiSQAFusion-NBFM 0.928 0.931 0.044 0.032 0.928 0.928 0.045 0.033 0.918 0.919 0.037 0.028
BiSQAFusion 0.942 0.944 0.039 0.030 0.942 0.943 0.040 0.030 0.930 0.924 0.034 0.026

0.032, simultaneously sustaining high accuracy in seen scenarios and
robust generalization to the novel configurations and listeners within
the Unseen track.

5.3.3. Impact analysis of binaural fusion module

To validate the effectiveness of the BFM, an incremental evaluation
was conducted by integrating the BFM into the network that already
incorporated the Encoders and AAFM. As shown in Table 6, the BFM
significantly improves predictive performance. On the Seen test set, PCC
and SRCC increase by 0.006 and 0.008, while RMSE and MAE decrease
by 0.002 and 0.001, respectively. Notably, this performance gain is con-
sistently maintained on the Unseen test set, demonstrating that the BFM
not only improves fitting on seen configurations and listeners but also
retains its benefit on the novel ones within the Unseen track. This advan-
tage stems primarily from the BFM’s explicit modeling of interaural in-
teractive relationships. By extracting shared, differential, and non-linear
interaural components between both ears, the BFM provides the model
with a perceptually grounded inductive bias. This lowers the complexity
of learning binaural relationships and enables the effective modeling of
perceived quality fluctuations induced by interaural cues.

Furthermore, to evaluate the BFM’s robustness across different inter-
aural hearing loss patterns, the Seen test set was partitioned based on the
difference in PTA between the two ears (APTA) [49]: Asymmetric HL
(APTA > 15 dB HL) and Symmetric HL (APTA < 15 dB HL). As shown
in Table 8, the Symmetric HL and Asymmetric HL subsets account for
85.2% and 14.8% of the test set, respectively. BiSQAFusion-NBFM refers
to a variant of BiSQAFusion that removes only the BFM, in which the
binaural fusion operation is replaced by directly concatenating the out-
puts of the two AAFMs. Without the BFM, BiSQAFusion-NBFM shows
lower correlation metrics on the Asymmetric HL subset, suggesting lim-
ited predictive consistency under interaural imbalance conditions. Upon
integrating the BFM, the PCC and SRCC on the Asymmetric HL sub-
set improve to 0.930 and 0.924, respectively, with RMSE and MAE re-
duced to 0.034 and 0.026. This demonstrates the strong suppression of
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error accumulation caused by interaural asymmetry. Similarly, the Sym-
metric HL subset also benefits from BFM integration, confirming that
the performance gains are not restricted to any particular hearing loss
type. Instead, the BFM enhances feature representation robustness and
regression prediction stability across both symmetric and asymmetric
scenarios.

5.3.4. Impact analysis of Quality-level module and System ID

To quantitatively assess the contributions of the QLM and System
ID to network prediction performance, both components were incre-
mentally introduced upon the network integrating Encoders, AAFM, and
BFM. As illustrated in Table 6, the introduction of the QLM yields sig-
nificant performance gains. Specifically, on the Seen test set, PCC and
SRCC increase by 0.002 and 0.001, while both RMSE and MAE decrease
by 0.001. This improvement is primarily attributed to the MTL strategy,
which serves as an auxiliary task. The QLM imposes additional struc-
tural constraints on feature learning, fostering synergistic task-level op-
timization and driving the model to acquire more generalizable repre-
sentations. Furthermore, the System ID also significantly impacts model
performance. As shown in Table 6, its integration yields PCC and SRCC
gains of 0.007 and 0.006 on the Seen test set, with reductions in RMSE
and MAE of 0.003 and 0.002, respectively. On the Unseen test set, PCC
and SRCC further improve by 0.016 and 0.013, respectively, while RMSE
and MAE each decrease by 0.002. This performance improvement is at-
tributed to the System ID embedding, which enables the model to learn
detailed speech features across different HA configurations, thereby sig-
nificantly enhancing its feature representation capabilities.

5.4. Performance analysis under different hearing loss configurations

To assess the robustness of BiSQAFusion under heterogeneous au-
ditory conditions, predictive performance is examined along two com-
plementary dimensions: three binaural scenarios (Bilateral HL, Unilat-
eral HL, Bilateral NH) and five severity grades (Normal, Mild, Moderate,



Table 9

Predictive performance across different hearing loss patterns.

Hearing Loss Patterns ~ DNS-Challenge

CPC1-Challenge

PCC SRCC RMSE MAE PCC SRCC RMSE MAE
Bilateral HL 0.988 0.986 0.033 0.022 0.942 0.944 0.039 0.030
Unilateral HL 0.983 0.953 0.011 0.007 — — — —
Bilateral NH 0.952 0.844 0.012 0.009 — — — —
Table 10
Predictive performance across different degrees of hearing loss.
Hearing Loss Levels Left Ear Right Ear
PCC SRCC RMSE MAE PCC SRCC RMSE MAE
DNS-Challenge
Normal 0.977 0.859 0.013 0.004 0.918 0.812 0.016 0.006
Mild 0.958 0.937 0.034 0.026 0.942 0.921 0.050 0.040
Moderate 0.920 0.936 0.067 0.051 0.832 0.832 0.058 0.044
Moderately severe 0.939 0.939 0.046 0.037 0.958 0.955 0.042 0.032
Severe 0.976 0.927 0.018 0.009 0.973 0.942 0.026 0.013
CPC1-Challenge
Normal — — — — — — — —
Mild 0.933 0.920 0.044 0.032 0.937 0.938 0.044 0.033
Moderate 0.938 0.945 0.041 0.031 0.931 0.935 0.043 0.033
Moderately severe 0.895 0.890 0.038 0.029 0.926 0.930 0.040 0.030
Severe — — — — 0.876 0.883 0.021 0.016
Table 11
Predictive performance of BiSQAFusion and related frontier models.
Input Features Params(M)  FLOPs(G)  Seen Unseen
PCCt SRCC?T RMSE| MAE| PCCt SRCC?t RMSE] MAE|
Quality-Net [33] 0.30 0.01 0.723 0.714 0.113 0.094 0.545 0.364 0.093 0.077
MOS-Net [34] 1.18 7.44 0.712 0.706 0.115 0.096 0.535 0.362 0.094 0.077
HASA-Net [15] 0.45 0.45 0.815 0.812 0.068 0.050 0.683 0.656 0.069 0.054
HASA-Net* [17] 0.71 0.53 0.925 0.929 0.045 0.034 0.866 0.866 0.047 0.037
SQINet-HLlevel [12] 1.40 18.11 0.810 0.808 0.066 0.049 0.742 0.758 0.065 0.050
MTSE-LA [16] 1.61 9.11 0.833 0.828 0.062 0.046 0.778 0.763 0.061 0.047
BiSQAFusion 1.17 2.67 0.942 0.944 0.039 0.030 0.906 0.901 0.041 0.032

Note: Bold values indicate the best performance.

Moderately Severe, Severe). Since all CPC1 listeners belong to the Bilat-
eral HL category, the DNS Challenge-based binaural simulation dataset
introduced in Section 4 is used to extend the evaluation to Unilateral
HL and Bilateral NH conditions.

Table 9 reports the per-scenario performance on the DNS simulated
test set and the CPC1 Seen test set. BiSQAFusion generalizes consistently
across NH and HL scenarios, which we attribute to its multi-level fusion
mechanism, which jointly exploits acoustic features and audiogram pri-
ors to extract cues sensitive to individualized auditory pathology. One
notable exception arises in the Bilateral NH subset of the DNS data:
prediction error remains low, yet SRCC drops markedly. Bilateral NH
samples bypass personalized gain compensation, so their quality scores
cluster tightly within the high range, and the resulting low score vari-
ance limits SRCC’s capacity to resolve fine-grained rank differences.

Table 10 further breaks the performance down by severity. BiSQAFu-
sion remains stable across all grades, with the only deviation observed
at the two extremes: in the Normal and Severe subgroups, low absolute
error coexists with mildly reduced SRCC. The cause is consistent with
the Bilateral NH case: scores in the Normal subgroup concentrate near
the upper bound, whereas those in the Severe subgroup, even after com-
pensation, concentrate near the lower bound. Such local low-variance
ranges compress the ranking signal available to SRCC. To mitigate this in
future work, an ordinal rank loss will be incorporated to enforce mono-
tonicity between predicted and reference scores, thereby improving dis-
criminability in low-variance regimes.
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5.5. Comparison and analysis of BiSQAFusion and related frontier models

Table 11 reports a comparison between BiSQAFusion and several
SOTA non-intrusive speech quality assessment models on the CPC1
Seen and Unseen test sets. All reported differences pass a two-tailed
Student’s t-test (p < .05). The two NH-oriented baselines, Quality-Net
and MOS-Net, underperform on both correlation and error metrics,
primarily because their reliance on global or adaptive average pool-
ing for score regression dilutes the perceptually salient frames, and
the lack of internal normalization (BN/LN) further restricts conver-
gence on high-variance pathological speech. The four HA-oriented
baselines (HASA-Net, HASA-Net*, SQINet-HLlevel, and MTSE-LA)
substantially close this gap through domain-specific designs: HASA-Net,
HASA-Net™, and MTSE-LA exploit MTL over HASQI and HASPI to reg-
ularize deep acoustic representations through task-level physiological
correlations; SQINet-HLlevel integrates deep convolutions with MHA to
capture cross-frequency and cross-temporal dependencies; and MTSE-LA
leverages pseudo-label-assisted training to mitigate biases arising from
HA configuration diversity.

Notably, even when compared to the strong SOTA baselines, BiSQA-
Fusion consistently delivers superior accuracy on both CPC1 tracks, with
the gain most pronounced on the more challenging Unseen set. Relative
to MTSE-LA, PCC and SRCC improve by 0.128 and 0.138, and RMSE and
MAE drop by 0.020 and 0.015, respectively. Even against HASA-Net ™,
which shares the same WavLM-Large-weighted representations and au-
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Fig. 7. Comprehensive statistical profiling of prediction errors across BiSQAFusion and frontier models.

diograms as inputs, BiSQAFusion improves PCC and SRCC by 0.040 and
0.035, respectively, and lowers RMSE and MAE by 0.006 and 0.005,
respectively. This advantage is attributable to the multi-level fusion de-
sign in this study: the SSL branch aggregates multi-layer hidden features
to yield acoustic representations robust to background noise; the AAFM
deeply fuses these representations with audiogram priors; the BFM de-
couples interaural interaction cues across the two channels; the aux-
iliary QLM jointly regularizes the score prediction through MTL; and
the explicit System ID embedding neutralizes biases induced by hetero-
geneous HA processing. The raincloud plots in Fig. 7 provide a comple-
mentary view on the Unseen set: MOS-Net and Quality-Net exhibit broad
error dispersion, indicative of unstable predictions in binaural scenarios,
whereas BiSQAFusion produces the most compact distribution, with the
majority of samples and the density peak confined within a +0.05 error
tolerance band, powerfully verifying its absolute superiority in predic-
tive accuracy.

To evaluate the overall efficiency of BiSQAFusion, this study uti-
lized the FlopCountAnalysis library to quantify the parameter size and
computational complexity of relevant frontier baselines (Table 11). Al-
though Quality-Net is the most lightweight, its shallow architecture
fails to meet high accuracy requirements, while MOS-Net, despite a
moderate budget, remains inadequate on complex binaural degraded
speech. In contrast, BiISQAFusion achieves the highest predictive accu-
racy with parameter scale and computational overhead substantially be-
low those of SQINet-HLlevel (18.11 G) and MTSE-LA (9.11 G), and its
2.67 G FLOPs are also lower than MOS-Net (7.44 G), the second-lowest
computational cost among the HA-oriented models, after the HASA-Net
series. A fair comparison with the strongest baseline, HASA-Net*, re-
quires distinguishing the two complexity dimensions: BiSQAFusion has
a comparable parameter count (1.17 M vs. 0.71 M, 1.6 X ) but approxi-
mately 5X the FLOPs (2.67 G vs. 0.53 G), owing to the convolutional
and BiLSTM stages introduced for deep non-linear fusion. We therefore
do not claim superior efficiency over HASA-Net* . Instead, BiSQAFusion
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trades this additional compute for a +0.040 PCC / +0.035 SRCC gain
on the CPC1 Unseen set, and the acceptability of this trade depends on
the deployment scenario. Crucially, BiSQAFusion demonstrates archi-
tectural flexibility. When configured for unilateral processing (Monau-
ral mode), its parameter size is merely 0.51 M (1.13 G FLOPs), plac-
ing it in the same weight class as the HASA-Net series. Even under
this lightweight configuration, the MAE on the CPC1 Unseen test set
increases by only 0.003, maintaining an extremely competitive perfor-
mance level. This validates the architecture’s potential for resource-
constrained deployment. Overall, these results suggest that minimal
complexity alone is not a sufficient criterion for HA speech quality as-
sessment models: for accuracy-critical offline scenarios the full binau-
ral configuration is preferable, whereas the monaural mode offers a
deployment-oriented operating point with a negligible accuracy penalty.

6. Conclusion

This paper proposes BiSQAFusion, a systematic multi-level fusion
network for the non-intrusive quality assessment of binaural HA speech.
By deeply integrating SSL acoustic representations, audiogram priors,
interaction cues, and HA configuration identifiers, the proposed model
effectively addresses two key challenges in this field: the lack of a ded-
icated architecture for comprehensive binaural quality assessment and
limited robustness across diverse HA processing conditions. Architec-
turally, BiSQAFusion consists of the SSL-Encoder, HL-Encoder, AAFM,
BFM, QLM, and SPM. The dual-encoder design learns compact and dis-
criminative representations from speech and audiograms, thereby fa-
cilitating cross-modal fusion. AAFM combines gated FiLM conditioning
with CNN-BiLSTM modeling to bridge the gap between dynamic acous-
tic representations and static hearing loss priors. To transcend monau-
ral limitations, a lightweight BFM explicitly models interaural interac-
tion cues through a perceptually motivated, parameter-free decoupling-
reconstruction logic. In addition, System ID embedding alleviates



prediction bias caused by diverse HA processing strategies, while QLM
further improves score regression through auxiliary multi-task optimiza-
tion. Extensive experiments confirm that BiSQAFusion significantly out-
performs SOTA methods in terms of prediction accuracy and generaliza-
tion, while remaining robust to diverse binaural hearing-loss patterns
and HA configurations. In future work, we plan to enhance acoustic rep-
resentation by continuing to explore cutting-edge large-scale SSL mod-
els. Additionally, we aim to employ knowledge distillation techniques to
reduce model complexity, enabling deployment on resource-constrained
HA devices. Furthermore, once a dataset of subjective binaural speech
quality ratings for HAs becomes publicly available, we will conduct
more in-depth validation of the proposed network to improve its clinical
applicability.
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