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Abstract

Cleft lip and palate (CLP) speech presents unique challenges for
automatic phoneme analysis due to its distinct acoustic char-
acteristics and articulatory anomalies. We perform phoneme
analysis in CLP speech using a pre-trained wav2vec 2.0 model
with a multi-head self-attention classification module to capture
long-range dependencies within the speech signal, thereby en-
abling better contextual understanding of phoneme sequences.
We demonstrate the effectiveness of our approach in the classi-
fication of various articulatory processes in CLP speech. Fur-
thermore, we investigate the interpretability of self-attention to
gain insights into the model’s understanding of CLP speech
characteristics. Our findings highlight the potential of the self-
attention mechanisms for improving automatic phoneme anal-
ysis in CLP speech, paving the way for enhanced diagnostics,
adding interpretability for therapists and affected patients.
Index Terms: pathologic speech, cleft lip and palate, children’s
speech, automatic assessment

1. Introduction

Cleft lip and palate (CLP) are congenital conditions arising
from an incomplete development of the upper lip and/or roof
of the mouth (palate) during fetal development, resulting in a
visible split or gap. These can occur independently or simul-
taneously, unilaterally or bilaterally, and may also involve the
jaw. Surgical repair is typically undertaken before the child
reaches their first years of age. Beyond challenges in feeding
and dental health, CLP significantly impacts speech production,
with variations in phonemic alterations among affected individ-
uals. Detailed phonemic analysis facilitates targeted postopera-
tive speech therapies tailored to each patient’s specific deficits.
While perceptual analyses by experts are standard, they are
subjective and time-intensive, taking about 3 hours per child
for phoneme-level annotation [1] and thus cannot be performed
regularly during the speech therapy.

Our aim is to create an automated system to assess various
articulatory processes and examine which audio input features
contribute to the final decision, ensuring alignment with ex-
pert evaluations by evaluating self-attention of the classification
module. Our automated system labels are derived from scores
representing distinct articulation processes for each phoneme
in an utterance, as perceptually estimated by clinical speech
therapists. The selected articulatory processes are usually per-
formed by experts who evaluate CLP speech [2]. We employ a
pre-trained wav2vec 2.0 model with a classification module to
classify articulatory processes, treating it as a multi-label and
multi-class problem based on expert ratings. Although we have
phoneme-level annotations available, our system is intention-
ally trained using only utterance-level labels. We then conduct

a detailed analysis at the phoneme level to analyze the degree
of alignment between the decisions made by the trained system
and the expert labels on phoneme level. Since several studies
debate whether attention can lead to explanation of a model or
not [3, 4, 5], we conduct a comprehensive analysis of the atten-
tion by employing a hierarchical attention relevance computa-
tion methodology and employing self-attention head pruning.

1.1. Related work

In the study by Maier et al. [6], a technique was introduced
to automatically detect articulation disorders in a cohort of 58
German children with CLP. The approach involved the utiliza-
tion of multiple classifiers through late fusion and an Automatic
Speech Recognition (ASR) system to extract features at both
phoneme and word levels while using metrics such as Goodness
of Pronunciation (GoP) [7], phoneme posteriors, and word con-
fidence scores. An investigation into the phonological precision
of children with CLP was conducted in [8]. Here, phonologi-
cal precision was automatically estimated across four levels of
nasalization: normal, mild, moderate, and severe. Additionally,
the authors in [1] analyzed CLP speech at the phoneme level,
incorporating speaker-level evaluations. The authors employed
a Support Vector Machine (SVM) along with Gaussian Mixture
Models (GMM) and fMLLR [9] speaker vectors in their analy-
sis.

In [10] an interpretation of the classification results was
conducted using gradient-based feature attribution methods In-
tegrated Gradients [11] and DeepLIFT [12] based on the same
dataset we use in this work. The authors have shown how
well the classification model learns meaningful audio segments
based on utterance level labels, comparing to phoneme-level an-
notations of experts. We build upon this work and extend the
base model to a large cross-lingual wav2vec 2.0 model with a
weighted layer sum of the transformer block outputs and multi-
head self-attention classification module. Our main contribu-
tion is the analysis of self-attention and how it aligns with the
phoneme-level expert labels. Further, we show that different
attention heads of the classification module focus on particular
phonemes / phonetic patterns and how it affects each articula-
tory process class by pruning single attention heads.

2. Data

We use recordings of children with CLP, explored in
[1]. The recordings were gathered using the picture-
naming test PLAKSS (Psycholinguistische Analyse kindlicher
Sprechstorungen — Psycholinguistic analysis of children’s
speech disorders) [13]. The test consists of 99 unique word
stimuli, spanning all consonants, vowels, and consonant clus-
ters following German phonotactics. Words with different
lengths and stress patterns are included. Children were pre-
sented two to four pictograms representing the words to be
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named, which were recorded sequentially in 33 turns. The
dataset comprises recordings from 65 male and 55 female chil-
dren, aged between 3.8 and 15.7 years (7.944.6), the recording
length is 4.7 &£ 2.2s. Recordings of 120 children were anno-
tated at phoneme-level by one speech therapist with regard to
six distinct articulation processes (Hypernasality, Hyponasality,
Tension, Elision, Pharyngeal Backing and Interdentality), while
five additional speech therapists rated 27 children. Details on
the particular processes are provided in the work we build on
[1]. We also obtain phoneme-level force alignments in addition
to the phoneme-level annotations from the work in [10]. Since
the analysis of all six articulatory processes would not allow a
detailed explanation on the remaining pages, we decided to fo-
cus on two specific processes common in children with CLP:
Hypernasality and Tension.

Hypernasality: Excessive air passage through the nose is a
frequent occurrence in children with CLP, primarily due to
velopharyngeal insufficiency. We will refer to it as nasality
for convenience.

Tension: Articulation tension is reduced, primarily leading to
a decreased consonant pressure.

We select a single speech turn of the PLAKSS test, con-
sisting of three images for better visualization. The selected
turn consists of the three words "Wurst” - [vU6st] (Sausage),
”Lowe” - [12:v@] (Lion) and “Lampe” - [lamp@] (Lamp). The
SAMPA (Speech Assessment Methods Phonetic Alphabet) is
used for the phonemic presentation throughout the work, since
the phoneme annotation was performed using SAMPA. We se-
lected the turn based on the number of utterances and as it is
one of the turns with the most annotated phonemes (nasality:
373, tension: 266) to obtain a sufficiently representative evalu-
ation of the two articulatory processes. A fixed train/test split
(80%/20%) is used throughout the work, stratified by articula-
tory process.

3. Methods

We adopt wav2vec 2.0 [14] as the base model and add a clas-
sification module for classifying the articulatory processes. To
gain an understanding of the classification decisions resulting
from the proposed system, we study the attention of the clas-
sification model. We analyze the general attention heads of the
classification module in order to understand which head focuses
on which part of the speech signal. Further, we calculate the hi-
erarchical attention relevance to obtain the attention attribution
for each articulatory process, since our classification model is
able to predict multiple labels for a single utterance. Lastly, we
analyze how attention head pruning affects the results.

3.1. Classification system

We adopt the classification system in [10]: Instead of using the
wav2vec 2.0 base model, we employ a cross-lingual wav2vec
2.0 model [15], pre-trained on 53 languages to capture a wider
range of acoustic characteristics. In the classification module
we use weighted layer sum instead of mean pooling of the
transformer block outputs by weighting the outputs of the trans-
former blocks 2™ with trainable parameters w,,. This approach
has proven to be effective in training for downstream tasks. We
further expand the multi-head self-attention [16] from 8 to 16
heads to comply with the underlying base model. The final clas-
sification system consists of a frozen wav2vec 2.0 model and a
classification module for multi-label and multi-class prediction.
The self-attention module of the classification module takes the
24 x t x 1024-dimensional final hidden representations as in-
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puts, where ¢ refers to 20ms audio frames. Self-attention is suc-
ceeded by two blocks comprising dropout [17] with a probabil-
ity of 0.1, followed by a linear layer with a hidden size of 2048,
and GELU [18] activation function. We train the model until
convergence using binary cross-entropy (BCE) as loss function
with a learning rate of 3 x 10™* and batch size of 8. The total
number of parameters is 340M, number of trainable parameters
is 25.2M. Training takes about 3.2 hours on a single A100 GPU.

3.2. Classification module attention

Let M be a transformer model equipped with a classification
module comprising B blocks. Each block b consists of self-
attention in the 24 transformer blocks and an additional clas-
sification block. The model is designed to handle an input se-
quence comprising s tokens, each with a dimensionality of d.
The output of M is a classification probability vector y. The
self-attention module functions within a reduced subspace dp,
of the embedding dimension d. Whereas h is the number of
attention-heads, resulting in: hd;, = d.

In order to understand to what extent which attention com-
ponent focuses on relevant regions for classification, we exam-
ine the attention weights in the classification module by extract-
ing these for each head N;, of the multi-head attention (MHA)
for an input X:

Np,

MHA(X) = Y~ At(WS, W, Wi w§, X))
=1

where Wé; ), W}é) , W‘(/2 ), Wg) € R¥9n denote the query,
key, value, and output matrices.

3.3. Hierarchical attention relevance

In every attention layer, we utilize the method outlined in [19] to
assess the relevance of attention scores among attention heads,
generating a gradient-weighted attention relevance map, de-
noted as A. For each attention map, A<b), its gradient is denoted
as VA® . The relevance map is defined as R(™%) with respect
to a target class ¢, where ny is the corresponding attention layer.
The weighted attention relevance outputs C € R**?:

A® = T+ By (VA® o R T @)

C= U}(l)g(l) . ’LU(Q)A@) et U}(nb)A(B) (3)

©® is the Hadamard product, E;, the mean across the heads.
W(n,) indicate the trainable weights for the weighted layer sum
of the classification module. Residual connections in the trans-
former blocks are handled by adding the identity matrix I to the
layer attention matrices. We initialize the relevance propagation
with a one-hot vector for the target class ¢.

3.4. Attention head pruning

That specific attention head’s importance varies and individual
heads play most important roles, was analyzed in several works
[20, 21, 22]. While the model predicts multiple labels for a sin-
gle utterance, not all attention heads of the classification module
are supposed to attend to relevant content for a particular artic-
ulatory process. We therefore prune single attention heads to
explore the effect on the results. By using head pruning, the
output does not contribute to the final output of the attention
mechanism, leaving the inputs unchanged for that particular at-
tention head. For this, we introduce variables sz) € {0,1} to
the classification module multi-head attention.



4. Experiments and Results
4.1. Classification results

The overall results across all test turns are comparable to those
presented in [10]. However, as our focus lies on a specific
recording turn, we solely present the results related to this turn.
As shown in Table 1, the results for this individual turn surpass
the overall averaged results, potentially due to the larger sample
size and number of labeled phonemes per process. The exam-
ined articulatory processes in this study are highlighted in bold.
Nasality achieves an F1 score of 0.89, while Tension attains an
F1 score of 0.83.

Table 1: Classification results of the proposed system with an
attention classification module in a multi-class and multi-label
scenario for the selected turn consisting of three words. The
final column shows the F1 scores from [10] for comparison.

Articulatory process Precision Recall F1  F1[10]
Hypernasality 0.96 0.83 0.89 0.71
Hyponasality 0.86 1.00 0.93 0.57
Tension 0.90 0.76 0.83 0.78
Elision 1.00 1.00 1.00 0.27
Pharyngeal Backing  0.80 0.57 0.67 0.58
Interdentality 1.00 0.62 0.76 0.54

4.2. Classification module attention analysis

We first analyze only the attention maps of the classification
module for each head. We obtain the attention map AB-D
for each head, which corresponds to the classification module
attention block. Figure 1 shows the attention probabilities of
the classification module heads averaged over all utterances of
our selected turn. It is evident that the individual heads focus
on specific phonemes or phonetic patterns. Head 5 for example
focuses on vowels: /U/, /6/ and /2:/. Whereas, head 4 focuses
on the specific phonetic pattern /a m p/. We can also observe
that some heads have fairly low attention weights, at least for
this particular turn, such as head 6 and 15. Yet, this analysis is
target label agnostic, it is not evident which head is important
for a particular articulatory process. Therefore, we obtain target
label specific attention relevance in the next step.

4.3. Hierarchical attention relevance

To obtain the attention attribution for a single target label and to
align the attention attribution to the phoneme-level expert rat-
ings, we extract attention relevance maps using the described
method in Section 3.3. We assess the relevance for a single
articulatory process by initializing a one-hot vector for the tar-
get process t. We compute forward for an utterance and sum
the logits with the initialized vector and backpropagate the ob-
tained vector. This is performed for each head of the classi-
fication module and each utterance of the examined turn. An
example of resulting relevance maps for classification module
head 13 is shown in Figure 2. The visualized relevance map
shows positive attribution to the phoneme /t/, which was also
been identified by an expert as nasality.

By using the force alignments, we identify the phoneme
boundaries in each utterance and sum the obtained attention rel-
evance scores for each phoneme. The resulting attention attri-
bution is visualized in Figure 3 for two utterances of both ex-
amined articulatory processes. Phoneme ranges with an orange
background identify the phonemes labeled for the particular ar-
ticulatory process nasality (a) and tension (b) by the experts.
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Figure 1: Attention attribution per head for all utterances of
the examined turn. The x-axis shows the spoken phonemes in
time-dependent order, y-axis the mean attribution per phoneme
segment averaged over all utterances.
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Figure 2: Gradient-weighted attention relevance map for clas-
sification head 13, with positive attention attribution on a par-
ticular phoneme /t/ for the articulatory process nasality.

A holistic overview of the labeled weights per phoneme of
the utterance across all utterances of the turn can be seen in Fig-
ure 4. It shows the average attention relevance per phoneme for
the examined turn. In case of nasality especially phonemes /s/
and /t/ and the pattern /a m p/ are in accordance with the experts
ratings, labeled phonemes exhibit the highest weights compared
to the unlabeled ones. For tension, the phonemes /U/ and /l/
align well with the expert labels, while /@/ is in contrast to the
expert labels. Overall, the tension articulatory process does not
align as good as nasality. Often the attention attribution is high
even when no expert label was assigned to a phoneme. Notably,
this mostly happens when another phoneme was labeled as ten-
sion. This could indicate that not all phonemes were labeled
accurately.

Upon closer examination of the attention relevance maps,
we find that some heads offer minimal attributions to a target
process. By modifying Equation 2 to include both positive and
negative weights, it’s evident that certain heads only contribute
negatively. This suggests that pruning heads can enhance per-
formance for a single target class.

4.4. Attention head pruning

Through our observation in the attention maps, we investigate
the influence of individual attention heads of the classification
module and prune individual heads. We only take the classifica-
tion module attention heads into account, since the wav2vec 2.0
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Figure 5: Attention head pruning results for the articulatory
processes (a) Nasality and (b) Tension. The y-axis shows the
absolute F1 score change in % for each pruned attention head.

model was frozen during training and the most relevant infor-
mation is encoded in the classification module. One individual
attention head at a time is pruned for this purpose.

The results in Figure 5 (a) show that pruning head 6, 14
and 15 leads to an absolute F1 improvement of up to 3.5%. In
contrast, pruning head 13 leads to a decrease in F1 score of 14%.
The analysis of the remaining articulatory processes revealed
that an absolute improvement of up to 38% in F1 score can be
achieved, e.g., for Pharyngeal Backing process.

5. Discussion

This work tackles the crucial challenge of automatically clas-
sifying articulatory processes in children with CLP. The pro-
posed system, utilizing wav2vec 2.0, introduces a method for

2433

automated assessment. It categorizes articulatory processes at
utterance level, eliminating the necessity for phoneme-level la-
bels.

The self-attention analysis provides insight into the attri-
bution of attention to specific articulatory processes in CLP
speech, allowing for a more nuanced understanding of how the
model makes its decisions. By quantifying the relevance of at-
tention scores per class, phonemes or phonetic patterns can be
identified which are most influential in determining particular
articulatory abnormalities, thus enhancing the interpretability
of the model’s predictions. The identification of negative in-
fluences of single attention heads for a single class highlights
the complexity of the multi-label setting. This finding under-
scores the importance of evaluating individual attention mecha-
nisms within the model to understand their contribution to clas-
sification performance accurately. The exploration of attention
head pruning represents a significant advancement in the opti-
mization of the classification system. By selectively removing
attention heads that do not contribute meaningfully to the clas-
sification task, the model can be optimized and potentially im-
prove its efficiency and reliability, while providing interpretable
decisions. This approach demonstrates a proactive strategy for
model refinement, emphasizing the importance of careful atten-
tion to the design and implementation of attention mechanisms
in multi-class and multi-label models. Finally, attention anal-
ysis offers a less resource-intensive alternative to methods like
Integrated Gradients and DeepLIFT, making it more accessible
for practical application in clinical settings.

6. Conclusion

Our study presents a novel approach for automated assessment
of articulatory processes in children with CLP speech and the
role of attention for improved classification systems. Attention
analysis and pruning techniques enhance the interpretability and
efficiency of the model, paving the way for more accurate and
reliable clinical assessments. We have shown, using a hierarchi-
cal attention attribution method, that attention attribution aligns
with expert labels. Further, pruning single attention heads, en-
hances absolute classification results of up to 38% F1 score.

Future work will focus on refining attention mechanisms
to prevent the negative influence of single attention heads on
classification performance. One potential avenue is the imple-
mentation of gating or re-scoring mechanisms within the atten-
tion module to mitigate the impact of disruptive attention heads.
Since gating experiments are beyond the scope of this paper, it
will be part of future investigation.
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