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Abstract
Automated speech intelligibility assessment is pivotal for hear-
ing aid (HA) development. In this paper, we present three
novel methods to improve intelligibility prediction accuracy
and introduce MBI-Net+, an enhanced version of MBI-Net, the
top-performing system in the 1st Clarity Prediction Challenge.
MBI-Net+ leverages Whisper’s embeddings to create cross-
domain acoustic features and includes metadata from speech
signals by using a classifier that distinguishes different enhance-
ment methods. Furthermore, MBI-Net+ integrates the hearing-
aid speech perception index (HASPI) as a supplementary metric
into the objective function to further boost prediction perfor-
mance. Experimental results demonstrate that MBI-Net+ sur-
passes several intrusive baseline systems and MBI-Net on the
Clarity Prediction Challenge 2023 dataset, validating the effec-
tiveness of incorporating Whisper embeddings, speech meta-
data, and related complementary metrics to improve prediction
performance for HA.
Index Terms: speech intelligibility, hearing aid, hearing loss,
weak supervision, cross-domain features

1. Introduction
Accurate metrics for predicting speech intelligibility are cru-
cial for optimizing the efficacy of various speech-related appli-
cations, such as speech enhancement [1, 2], hearing aid (HA)
devices [3, 4], and telecommunications [5, 6]. The most di-
rect method of evaluation is to conduct a human listening test.
However, for a fair evaluation of results, a large-scale listening
test is typically required, which can be costly and less practi-
cal. Therefore, various objective speech intelligibility measures
have been proposed. Traditionally, these measures are derived
based on signal processing and psychoacoustic knowledge, such
as speech intelligibility index (SII) [7], extended SII (ESII) [8],
speech transmission index (STI) [9], short-time objective in-
telligibility (STOI) [10], modified binaural short-time objective
intelligibility (MBSTOI) [11], gammachirp envelope similarity
index (GESI) [12], and the hearing aid speech perception index
(HASPI)[13]. However, these traditional measures have limited
applicability, as they generally require a clean reference, which
may not always be available in real-world scenarios.

With the emergence of deep learning models, numerous
non-intrusive automatic speech assessment models have been
developed, such as [14, 15, 16, 17, 18, 19, 20, 21]. Mean-
while, many studies have focused on developing speech intel-
ligibility prediction models for HA [22, 23, 24, 25, 26]. For
example, [22] encodes the hearing loss pattern into a vector,
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merges it with speech signals, and feeds it into a deep learning
model to predict two hearing aid evaluation metrics: HASPI
and the hearing aid speech quality index (HASQI) [23]. Be-
sides, [24] utilizes hidden layer representations of an automatic
speech recognition (ASR) model as acoustic features for pre-
dicting speech intelligibility scores. Furthermore, [25] intro-
duces a multi-branched speech intelligibility prediction model,
namely MBI-Net, consisting of two branch modules to estimate
the frame-level scores of the left and right channel inputs; the
outputs of the two branches are then concatenated and fused in
a linear layer to produce the final intelligibility prediction score
for HA.

While MBI-Net [25] demonstrates strong performance and
achieves top results in the 1st Clarity Prediction Challenge [3],
there are several options available to further enhance its per-
formance. In this study, we explore three methods and intro-
duce an advanced version of MBI-Net, termed MBI-Net+. First,
MBI-Net+ incorporates Whisper [27] embeddings to generate
cross-domain features. Considering Whisper underwent train-
ing using a comprehensive dataset comprising 680,000 utter-
ances along with their respective transcripts, we assume that the
extracted embedding features possess the capability to encap-
sulate rich phonetic information. Second, MBI-Net+ includes
metadata from speech signals to mitigate potential prediction
bias. This addition involves incorporating an extra classifier
to distinguish different types of speech enhancement methods
(front-end processors in HAs). We assume that if the model
can optimally distinguish speech signals processed by different
enhancement methods (as metadata), the model has a better un-
derstanding of differentiating the front-end processing of HA,
potentially improving the prediction performance. In the fol-
lowing discussion, we refer to this classifier as the system clas-
sifier (SC). Third, MBI-Net+ utilizes the HASPI measure as a
complementary metric, employing a multi-task learning crite-
rion for model training. This method builds upon the previous
study by [28], which integrates additional related metrics corre-
lated with the main metric to enhance prediction performance.

To implement MBI-Net+, the input speech data is initially
divided into two channels, with one channel dedicated to the
left ear and the other to the right ear of an HA. Each chan-
nel is processed by a unified module that combines feature ex-
traction and neural network modeling. These two branches of
modules simultaneously predict frame-level scores of intelligi-
bility and HASPI, while also extracting embedding representa-
tions for the SC module. The predicted frame-level scores from
both branch modules are then combined and fused via two task-
specific modules to obtain final utterance-level scores for intel-
ligibility and HASPI. Each task-specific module consists of a
linear layer followed by a global average pooling layer. The
embedding representations from each task-independent module
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Figure 1: Architecture of the MBI-Net+ model.

are concatenated and processed by a dense layer with softmax
to form the SC module that predicts the HA system.

Experimental results demonstrate that MBI-Net+ achieves
a 7.11% improvement in prediction performance, measured by
root mean square error (RMSE), compared to the original MBI-
Net model. This confirms the advantages of Whisper in de-
ploying cross-domain features over the self-supervised learn-
ing (SSL) speech model, WavLM [29], as well as the benefits
of incorporating additional metadata. In the Clarity Prediction
Challenge 2023 dataset, MBI-Net+ ranked third in overall per-
formance compared to other non-intrusive systems, with com-
parable correlation values (0.76 (MBI-Net+) vs 0.78 (1st place
[30]) vs 0.77 (2nd place [31])). It’s noteworthy that MBI-Net+
requires less GPU memory compared to [30, 31]. This reduc-
tion can be attributed to MBI-Net+’s utilization of the last layer
of Whisper to extract embedding representations. Unlike other
approaches, MBI-Net+ doesn’t require the extraction of each
individual transformer output of Whisper and additional pro-
cessing before forwarding it to the subsequent stage of training.

The remainder of this paper is organized as follows. Section
II presents the proposed MBI-Net+. Section III describes the
experimental setup and results. Finally, Section IV provides
conclusions and future work.

2. MBI-Net+
The proposed MBI-Net+ consists of multi-branched task-
independent modules characterizing each speech signal channel
in a binaural HA. Then, task-specific modules are used to pre-
dict intelligibility and HASPI scores, respectively. The overall
architecture of MBI-Net+ and its task-independent module are
illustrated in Figs. 1 and 2, respectively. Firstly, we utilize the
pre-trained Whisper model instead of the pre-trained SSL mod-
els, HuBERT [32] and WavLM [29], employed in MBI-Net,
to incorporate cross-domain features. We assume that Whisper

Figure 2: Illustration of extracting cross-domain features and
estimating frame-level intelligibility scores using the CNN-
BLSTM+AT architecture.

features provide better phonetic information than SSL features,
considering their larger training size and access to transcripts
during deployment. Secondly, we include an SC module to cat-
egorize enhancement systems that were used to process speech
signals. Considering their distinct characteristics, we assume
that if MBI-Net+ can distinguish the different properties of pro-
cessed speech signals, it can achieve higher prediction capabili-
ties. This improvement is due to MBI-Net+ incorporating addi-
tional information when capturing acoustic information, poten-
tially reducing overfitting during training. Thirdly, we introduce
HASPI as a complementary metric. We assume HASPI corre-
lates with subjective intelligibility score and, therefore, can po-
tentially reduce overfitting and improve the prediction perfor-
mance in multi-task learning scenarios [28]. Furthermore, The
loss function, O, for training MBI-Net+ is as follows:

O = γ1LInt + γ2LHASPI + γ3LCE , (1)

where LCE represents the cross-entropy calculation from the
SC module between the estimated and reference types of en-
hancement methods (front-end processors in HA systems).
Specifically, we employ ten classes to account for the ten differ-
ent enhancement systems used as input in our MBI-Net+. γ1,
γ2, γ2 are the weights between losses. LInt is calculated as

LInt =
1
U

U∑
u=1

[(Iu − Îu)
2 + α

Fu

Fu∑
f=1

(Iu − îu,f )
2]+

Lleft−int + Lright−int,

(2)

where Iu, Îu, and îu,f denote the true utterance-level score,
predicted utterance-level score, and predicted frame-level score
(merged from the first and second channels by the linear layer
in Figure 1) of intelligibility, respectively; U denotes the total
number of training utterances; Fu denotes the number of frames
in the u-th training utterance; α is a weight between utterance-
level and frame-level losses; Lleft−int and Lright−int are the
frame-level losses of the left (l) branch (i.e., the first channel)
and right (r) branch (i.e., the second channel) in frame-level
intelligibility estimation (as shown in Figure 2), which are cal-
culated as

Lleft−int =
αl

Fu

Fu∑
f=1

(Iu − îlu,f )
2

Lright−int =
αr

Fu

Fu∑
f=1

(Iu − îru,f )
2,

(3)
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where αl and αr are weights of l and r branches, respectively,
and îlu,f and îru,f denote the predicted frame-level scores of l
and r branches, respectively. LHASPI is calculated as

LHASPI = 1
U

U∑
u=1

[(Hu − Ĥu)
2 + β

Fu

Fu∑
f=1

(Hu − ĥu,f )
2]+

Lleft−haspi + Lright−haspi,
(4)

where Hu, Ĥu, and ĥu,f denote the true utterance-level score,
predicted utterance-level score, and predicted frame-level score
(merged from the first and second channels by the linear layer
in Figure 1) of HASPI, respectively; β is a weight between
utterance-level and frame-level losses, and Lleft−haspi and
Lright−haspi are the frame-level losses of l branch and r branch
in frame-level HASPI estimation calculated as

Lleft−haspi =
βl

Fu

Fu∑
f=1

(Hu − ĥl
u,f )

2

Lright−haspi =
βr

Fu

Fu∑
f=1

(Hu − ĥr
u,f )

2,

(5)

where βl and βr are weights of l and r branches, and ĥl
u,f and

ĥr
u,f denote the predicted frame-level scores of l and r branches,

respectively. Furthermore, we hypothesize that the supplemen-
tary information from HASPI and the SC module can improve
overall prediction performances. Subsequently, the correspond-
ing frame-level scores are combined and integrated through two
linear layers. This combination produces the final predictive
scores for intelligibility and HASPI scores.

3. Experiments
3.1. Experimental Setup

The 2023 Clarity Prediction Challenge (CPC) dataset [33] com-
prises scenes associated with 6 talkers, 10 enhancement meth-
ods (accordingly 10 HA systems) from the 2022 Clarity En-
hancement Challenge [34], and 25 listeners who rated the intel-
ligibility scores. To elaborate, the dataset is divided into three
tracks. The first track consists of 2779 utterances, the second
track consists of 2796 utterances, and the third track consists
of 2772 utterances. For each track, we selected 90% of the ut-
terances as the training set and the rest as the development set.
Additionally, the three tracks have 305, 294, and 298 test ut-
terances, respectively. Please note that the test involves unseen
listeners and unseen HA systems. Specifically, the model is
trained and tested on three tracks. In our experiment, the over-
all performance across all tracks is denoted as All. Three eval-
uation metrics, namely root mean square error (RMSE), linear
correlation coefficient (LCC), and Spearman’s rank correlation
coefficient (SRCC) [35] were used to evaluate the prediction
performance. A lower RMSE value means that the predicted
scores are closer to the ground-truth scores (lower is better).
In contrast, higher LCC and SRCC values indicate a higher
correlation between the predicted scores and the ground-truth
scores (higher is better). All models compared in this paper
were trained and evaluated on the CPC 2023 dataset.

3.2. Correlation of Intelligibility, HASPI, and Distance of
Whisper Embeddings

In the first experiment, we aim to analyze the correlation be-
tween subjective intelligibility, HASPI, and the distance of
Whisper embeddings, dws. A higher correlation indicates a

Figure 3: Correlation analysis between Intelligibility, HASPI,
and Whisper.

Table 1: LCC, SRCC, and MSE results of MBI-Net, MBI-
Net+(w/o SC) and MBI-Net+ on the development set.

Model Feature LCC SRCC RMSE

Track 1
MBI-Net [25] WavLM 0.724 0.719 28.707

MBI-Net+(w/o SC-H) Whisper 0.754 0.738 27.221
MBI-Net+(w/o SC) Whisper 0.758 0.748 26.857

MBI-Net+ Whisper 0.773 0.763 26.081
Track 2

MBI-Net [25] WavLM 0.742 0.749 29.328
MBI-Net+(w/o SC-H) Whisper 0.794 0.788 26.011

MBI-Net+(w/o SC) Whisper 0.799 0.797 25.844
MBI-Net+ Whisper 0.804 0.799 25.392

Track 3
MBI-Net [25] WavLM 0.795 0.772 27.155

MBI-Net+(w/o SC-H) Whisper 0.797 0.764 24.706
MBI-Net+(w/o SC) Whisper 0.801 0.765 24.800

MBI-Net+ Whisper 0.817 0.773 23.575

stronger relationship. We aim to investigate whether consid-
ering these attributes, MBI-Net+ can achieve better predictions.
We estimate dws using the following equations

dws =

T,F∑
t,f

(Xws[t, f ]− Yws[t, f ])
2 (6)

where Xws[t, f ] and Yws[t, f ] represent the last encoder output
of Whisper at the t-th time index and f -th element from the
clean waveform X and enhanced waveform Y, respectively. T
and F denote the time length and the feature dimension of the
embedding representation.

Figure 3 illustrates a moderate correlation score of 0.68
between HASPI and intelligibility, suggesting HASPI’s abil-
ity to surrogate subjective intelligibility. Interestingly, the dis-
tance of Whisper embedding, namely dws, demonstrates corre-
lation scores of -0.59 and -0.62 with intelligibility and HASPI,
respectively. This suggests a moderate degree of correlation
between Whisper’s representation and both intelligibility and
HASPI. Therefore, we assume that employing Whisper embed-
ding could be beneficial for estimating subjective intelligibility
and HASPI scores.
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Table 2: LCC, SRCC, and MSE results of MBI-Net, MBI-
Net+(w/o SC), MBI-Net+(w/o SC-H), and MBI-Net+ on the test
set.

Model Feature LCC SRCC RMSE

Track 1
MBI-Net [25] WavLM 0.669 0.665 30.260

MBI-Net+(w/o SC-H) Whisper 0.703 0.690 29.270
MBI-Net+(w/o SC) Whisper 0.711 0.692 29.010

MBI-Net+ Whisper 0.721 0.714 28.370
Track 2

MBI-Net [25] WavLM 0.710 0.710 29.660
MBI-Net+(w/o SC-H) Whisper 0.751 0.737 26.730

MBI-Net+(w/o SC) Whisper 0.765 0.764 26.440
MBI-Net+ Whisper 0.754 0.737 25.920

Track 3
MBI-Net [25] WavLM 0.810 0.834 23.920

MBI-Net+(w/o SC-H) Whisper 0.808 0.840 24.040
MBI-Net+(w/o SC) Whisper 0.826 0.834 23.340

MBI-Net+ Whisper 0.813 0.814 23.740
Track All

MBI-Net [25] WavLM 0.724 0.729 28.100
MBI-Net+(w/o SC-H) Whisper 0.754 0.752 26.790

MBI-Net+(w/o SC) Whisper 0.767 0.765 26.390
MBI-Net+ Whisper 0.764 0.767 26.100

3.3. Comparing MBI-Net+ with Original MBI-Net

In the first experiment, we aim to compare the performance of
MBI-Net+ and MBI-Net. The MBI-Net+ entails: 1) employ-
ing a 257-dimensional spectral feature; 2) leveraging Whisper
medium as the pre-trained model, with the final layer’s output
serving as input for our MBI-Net+; 3) utilizing four convolu-
tional layers each comprising channels with sizes of 16, 32, 64,
and 128, one-layered Bidirectional Long Short-Term Memory
(BLSTM) with 128 nodes, fully connected layer containing 128
neurons, attention mechanism, and one neuron of frame level
score; 5) leveraging two task-specific modules and SC mod-
ule (with ten classes); 6) setting a learning rate of 0.0001 with
Adam optimizer [36]. Note that we developed three different
versions of MBI+, namely MBI-Net+(w/o SC), MBI-Net+(w/o
SC-H), and MBI-Net+. MBI-Net+ represents the complete con-
figuration in Figure 1, and MBI-Net+(w/o SC) follows the same
model architecture as shown in Figure 1, except not including
the SC module. On the other hand, MBI-Net+(w/o SC-H) does
not include HASPI and SC modules.

As shown in Tables 1 and 2, all versions of MBI-Net+ can
outperform MBI-Net. Please note that MBI-Net+(w/o SC-H)
shares the same model architecture as MBI-Net but uses dif-
ferent speech representations (SSL for MBI-Net and Whisper
for MBI-Net+(w/o SC-H)). From Tables 1 and 2, the compari-
son between MBI-Net+(w/o SC-H) and MBI-Net first confirms
the advantage of incorporating Whisper embeddings for deploy-
ing cross-domain features. Next, the comparison between MBI-
Net+(w/o SC) and MBI-Net+(w/o SC-H) confirms the effective-
ness of utilizing supplementary HASPI metric which has mod-
erate correlation with the main objective metric in preventing
overfitting in multi-task learning scenario. Finally, the compar-
ison between MBI-Net+ and MBI-Net+(w/o SC) shows that the
SC module contributes to better prediction performance, con-
firming the advantages of incorporating additional metadata of
the speech signals.

Table 3: RMSE and LCC scores of all compared systems from
the First and Second Clarity Challenge on the test set.

System Non-Intrusive RMSE LCC

E011 [30] Yes 25.1 0.78
E002 [31] Yes 25.3 0.77
MBI-Net+ Yes 26.1 0.76

MBI-Net+(w/o SC) Yes 26.4 0.76
MBI-Net+(w/o SC-H) Yes 26.8 0.75

E025 [33] Yes 27.9 0.72
MBI-Net [25] Yes 28.1 0.72
Baseline [33] No 28.7 0.70

E003 [33] Yes 31.1 0.64
E024 [33] Yes 31.7 0.62
E015 [33] Yes 35.0 0.60
E020 [33] Yes 39.8 0.33
Prior [3] No 40 -

3.4. Comparison with Other Prediction Models for HA

In the third experiment, we compare MBI-Net+ models with
other speech intelligibility prediction models for HA. Four sys-
tems (E011 [30], E002 [31], MBI-Net [25], E025 [33]) utilized
acoustic features from large pre-trained models, while the other
four [33] (E003, E024, E015, E020) utilized signal process-
ing techniques for feature extraction. The overall RMSE and
LCC scores from the three tracks are shown in Table 3. We first
confirm that all versions of MBI-Net+ can perform better than
the baseline [33] model that adopts an intrusive-based method.
Furthermore, our models achieve good performance, ranking
third (MBI-Net+) overall among non-intrusive speech intelligi-
bility prediction models. The LCC score of MBI-Net+ is 0.76,
which is very close to the best score (0.78) and the second-
best score (0.77). It’s noteworthy that MBI-Net+ requires less
GPU memory compared to [30, 31]. Considering MBI-Net+
doesn’t require the extraction of each individual transformer
output of Whisper and additional processing before forwarding
it to the subsequent stage of training. Finally, this result demon-
strates the potential benefits of adopting a multi-task, multi-
branched model architecture and incorporating Whisper-based
cross-domain features along with adding supplementary metrics
and the SC module into better prediction capabilities.

4. Conclusion
In this study, we have proposed MBI-Net+, a novel speech in-
telligibility prediction model for HA. MBI-Net+ implements
a multi-branched architecture that incorporates Whisper-based
cross-domain features and includes the supplementary HASPI
metric and the SC module. Experimental results first confirm a
moderate correlation between subjective intelligibility, HASPI,
and distance of Whisper embeddings, dws, suggesting poten-
tial advantages for their joint combinations. Next, we confirm
the effectiveness of MBI-Net+ by achieving a notable improve-
ment over MBI-Net and yielding a top-3 performance among
non-intrusive systems in the Clarity Prediction Challenge 2023.
Since MBI-Net+ only utilizes the final layer of the pre-trained
Whisper model, this approach avoids the heavy computational
requirements of other top-performing systems. In future work,
we plan to investigate the incorporation of other types of meta-
data from speech signals and model architectures when deploy-
ing speech intelligibility prediction models for HA.
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tag, R. Culter, Z. Zhang, D. S. Williamson, F. Chen, F. Yang, and
S. Shang, “ConferencingSpeech 2022 Challenge: Non-Intrusive
Objective Speech Quality Assessment (NISQA) Challenge for
Online Conferencing Applications,” in Proc. INTERSPEECH,
2022, pp. 3308–3312.
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