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Abstract
Accurate alignment of dysfluent speech with intended text
is crucial for automating the diagnosis of neurodegenerative
speech disorders. Traditional methods often fail to model
phoneme similarities effectively, limiting their performance. In
this work, we propose Neural LCS, a novel approach for dysflu-
ent text-text and speech-text alignment. Neural LCS addresses
key challenges, including partial alignment and context-aware
similarity mapping, by leveraging robust phoneme-level model-
ing. We evaluate our method on a large-scale simulated dataset,
generated using advanced data simulation techniques, and real
PPA data. Neural LCS significantly outperforms state-of-the-
art models in both alignment accuracy and dysfluent speech
segmentation. Our results demonstrate the potential of Neural
LCS to enhance automated systems for diagnosing and analyz-
ing speech disorders, offering a more accurate and linguistically
grounded solution for dysfluent speech alignment.
Index Terms: speech pronunciation, dysfluency, forced align-
ment, clinical

1. Introduction
The diagnosis and analysis of neurodegenerative speech disor-
ders, such as primary progressive aphasia (PPA) [1], tradition-
ally depend on real-time MRIs (rtMRIs) and manual speech
transcripts by speech-language pathologists (SLPs). Recent
automated approaches for diagnosing and analyzing dysfluent
speech have focused on comparing uttered speech (actual spo-
ken text) with lexical speech (intended text), with discrepancies
termed dysfluencies like sound repetition, insertion, deletion,
and substitution [2, 3]. Accurate identification of dysfluencies
is essential for developing automated speech disorder diagnosis
systems, relying on precise dysfluent speech-text alignment.

Speech-text alignment, or forced alignment, maps speech
tokens to corresponding text and identifies their temporal
boundaries. It is crucial for tasks like text-to-speech (TTS) syn-
thesis, data segmentation, phonetic research, and speech assess-
ment. Various methods exist for forced alignment [4, 5, 6, 7, 8].
Typically, it assumes strong monotonicity and element-wise
alignability, where each speech token is monotonically mapped
to a text token based on similarity. While this works for fluent
speech, aligning dysfluent or disordered speech requires differ-
ent or stricter constraints.

We illustrate an ideal dysfluent speech alignment and
its role in enhancing automatic speech disorder diagnosis.
Suppose a patient is instructed by an SLP to read ”A pen on
the table,” with the phonetic ground truth: /AH . P EH
N . AA N . DH AH . T EY B AH L./. A possible
dysfluent transcription might be: /UH. UH. EY. P EN K
N. AH N. DH AH. DH AH. T T T EY B AH L./.

An ideal alignment would map actual pronunciations to
intended phonemes as: AH-(UH, UH, EY) . P-(P)
EH-(EH K) N-(N) . AA-(AH) N-(N) . DH-(DH
AH DH) AH-(AH) . T-(T, T, T) EY-(EY) B-(B)
AH-(AH) L-(L)/. This alignment process implicitly per-
forms dysfluency detection. For instance, EH-(EH K) marks
an insertion, while AH-(UH, UH, EY) reveals repetition of
acoustically similar sounds. Unlike traditional fluent speech
alignment, there are three challenges in dysfluent speech text
alignment, which we outline next.

First, dysfluent speech is often only partially aligned with
the text. For example, when pronouncing pen (/P EH N/), dis-
ordered speech might produce /P K EN N/, where the randomly
inserted sound /K/ should not be aligned. Here, we represent
speech using its transcribed phoneme sequence. Second, ro-
bust, context-aware similarity mapping is crucial, as exhaustive
enumeration fails to address complexities like /B B P EN N/,
where /P-B/ substitution indicates a voicing error, suggesting
/B/ should align with /P/ based on articulatory, acoustic, or se-
mantic similarity. However, accurate phonetic transcription re-
mains challenging, as state-of-the-art phoneme recognition sys-
tems [9, 10, 11] struggle with atypical speech.

SSDM [12, 13] framed dysfluent speech alignment as a lo-
cal sequence alignment problem, proposing the longest com-
mon subsequence (LCS) algorithm [14] as a solution. Unlike
global aligners like DTW [15], which consider all tokens, LCS
focuses on matching tokens, ignoring irrelevant ones. SSDM
introduced the connectionist subsequence aligner (CSA) as a
differentiable LCS, but preliminary results show minimal im-
provement over vanilla LCS, especially in phoneme similarity
modeling, as CSA treats phonetically similar sounds as dis-
tinct. In this context, a robust, and linguistically grounded sub-
sequence aligner is on the verge of emerging.

To provide experiments with larger-scale data that can more
realistically reflect acoustic characteristics (such as phoneme
pronunciation similarities), new data simulation methods have
been explored. We inject disfluencies into VCTK [16] text data
based on similarity probabilities, generating a larger-scale dis-
fluent dataset. Additionally, to ensure more natural text-speech
data, we employ an LLM+TTS approach for synthesis.

In this work, we propose Neural LCS to handle the afore-
mentioned problem. First, we focus on dysfluent text-to-text
alignment. Our model outperforms significantly Hard LCS and
DTW, especially at the phoneme level. Next, we introduce a
speech-to-text alignment model based on Neural LCS and test
it on dysfluent speech segmentation using simulated speech and
PPA data. Our results surpass the current state-of-the-art mod-
els. To facilitate further research, we open-source our work at
https://github.com/Berkeley-Speech-Group/N
eural-LCS.git
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Figure 1: (a)shows our probabilistic random dysfluency injection and alignment label annotation. (b)shows how we combine LLMs
and TTS to generate disfluent text and corresponding audio. Statistics of these two simulated data is shown in Table 2.(c)illustrates the
pipeline of Neural LCS model, the reference sequence and dysfluent sequence pass through the phoneme or word tokenizer, then pass
through a siamese neural network, and finally output the alignment result sequence.

2. Methods
2.1. Hard LCS

Dysfluencies often have aligned targets, so applying the longest
common subsequence (LCS) algorithm [14] can automatically
align dysfluent parts to corresponding phonemes or words. This
works due to LCS’s local alignment nature, as pointed out
in [12]. The standard LCS algorithm uses dynamic program-
ming, requiring exact token matches, which ignores acoustic-
phonetic similarity. We refer to this as Hard LCS.

2.2. Dysfluency Simulation

2.2.1. Text-text data

Our neural LCS algorithm is text-based, so we inject phonemic
dysfluencies into text corpora to generate dysfluency data. We
heuristically categorize CMU phonemes [17] based on airflow
patterns and articulatory mechanisms to capture phoneme sim-
ilarities, as shown in Table 1. Phonemes in the same category
tend to be more similar and often appear in phonetic errors.

Category CMU Phoneme

Plosive P, B, T, D, K, G
Fricative F, V, TH, DH, S, Z, SH, ZH
Affricate CH, JH
Nasal M, N, NG
Liquid L, R
Glide W, Y
Vowel AA, AE, AH, AO, AW, AY, EH, ER, EY, IH IY, OW, OY, UH, UW

Table 1: Phoneme Categories

Using VCTK text [16] as a reference, we identify four types
of dysfluencies that can be represented textually: Repetition,
Deletion, Substitution, Insertion

The word level simulation is similar, we replace letters or
letter combinations in words according to phoneme similarity
rules, and there are also four types of dysfluency.

We generate alignment labels between the original refer-
ence and dysfluent sequences. We use 1 to mark aligned bound-
aries in the reference, 0 for dysfluent units within the aligned
part, and 2 for missing phonemes or words. The alignment label

sequence includes these three labels. The text-text data simula-
tion process is shown in Fig. 1(a).

2.2.2. Text-speech data

Probability-based random injection of dysfluent parts into text
may not be natural enough for the actual generated audio [18,
19, 20]. As large language models (LLMs) have demonstrated
exceptional capabilities in natural language generation. In this
part, we explored using LLMs to help us generate more natu-
ral and coherent dysfluent speech text. we leverage Claude [21]
to simulate dysfluencies in text. By guiding the model to intro-
duce various forms of dysfluency mentioned in Sec.2.2.1 we can
generate dysfluent text data that closely resembles real-world
speech disorders. We then use VITS [22] as TTS model to gen-
erate a new dysfluency audio dataset, we call it LLM disorder.

In the TTS process, we obtain the vector representing the
number of time frames occupied by each phoneme in the audio.
By mapping the IPA phonemes to their corresponding CMU
phonemes, we derive the true alignment between the audio time
and its reference CMU phoneme sequence.

Simulated Dataset Total Amount of Text Total Hours of Audio

Text-text data 110.7×104 sentences -
LLM disorder 104×50 (50 speakers) sentences 1152.86h

Table 2: Statistics of Simulated Datasets

2.3. Neural LCS

To address the alignment inaccuracies in Hard LCS due to ne-
glecting pronunciation similarity, we designed Neural LCS.
It takes dual sequence inputs and outputs alignment labels (0,
1, or 2, as in Sec. 2.2.1). Using a siamese network frame-
work [23, 24], the input token sequences are processed through
a shared Feature encoder. The resulting sequence representa-
tions are concatenated and passed through a 1D CNN and MLPs
with fully connected layers and ReLU activation. A softmax
function is applied to the output. The entire pipeline is shown
in Fig. 1(c), with further details discussed below.
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Figure 2: : Structure of Speech-text alignment model

2.3.1. Feature Encoder

We use the default T5 [25] feature encoder with a fully-visible
mask, enabling all tokens to attend to each other. For phoneme-
level tokenization, we implemented a custom tokenizer based
on the CMU phoneme dictionary, while for word-level tok-
enization, we used the default T5-small tokenizer.

2.3.2. Training Objective

Our alignment label exhibits an imbalance in class distribution.
If a text contains less dysfluency, label 1 accounts for most of its
corresponding label sequence. Thus we employ Focal Loss [26]
LFL, which is defined as:

LFL(pt) = −α(1− pt)
γ log(pt) (1)

where pt represents the predicted probability of the true class,
α is a weighting factor for class balance, and γ controls the
down-weighting of well-classified samples. By focusing more
on hard-to-classify instances, Focal Loss mitigates the impact of
class imbalance and enhances the model’s ability to learn from
underrepresented classes. In this work, we let [α0, α1, α2] =
[0.5, 0.1, 0.8], γ = 3.

2.4. Speech-text alignment

In Sec.2.2.2, we obtained text-speech data generated by LLM.
In this part, we propose STA(Speech-text alignment) model. we
use Neural LCS as a basic component to implement an end-to-
end framework for aligning audio and text, which can directly
segment and detect dysfluencies from the speech signal. The
entire paradigm is shown in Fig. 2.

For phoneme level process, wax2vec2.0 feature extractor
[27] accepts the speech signal generated by LLM and TTS
model, it converts the feature dimension of each frame of sig-
nal to the length of CMU dictionary + 1 via basic conformer
and projection layer, and is trained with the source dysfluent
sequence of the generated speech through CTC-Loss [4].

During inference, we apply greedy decoding on CTC emis-
sion matrix. This gives us the alignment between the dysfluent
sequence and the audio timeline. Next, we align the collapsed
dysfluent sequence with the reference text, which provides the
alignment between the reference and the audio timeline. This
allows us to accurately segment the audio based on the refer-
ence and speech.

The advantage of using Neural LCS as the aligner is that
when the dysfluent unit transcription is inaccurate, the refer-
ence and speech can still be matched through soft alignment to
achieve more accurate segmentation.

3. Experiments
3.1. Dataset

(1) VCTK [16]: it includes 109 native English speakers with
accented speech. It’s text is used in our text-text data sim-
ulation as mentioned in Sec.2.2.1.(2) LLM disorder: We
use LLM+TTS to generate large scale more natural dysfluent
text-speech data. The detail is shown in Sec.2.2.2.(3) PPA
Speech [1]: it is collected in collaboration with clinical experts
and includes recordings from 38 participants diagnosed with
Primary Progressive Aphasia (PPA). Participants were asked to
read the ”grandfather passage,” resulting in approximately one
hour of speech in total.

3.2. Training Details

We performed a randomized 90/10 train/test split on both text-
text and text-speech data. The Neural LCS model was trained
with a batch size of 32 for 15 epochs(both phoneme level and
word level), totaling 16 hours on an RTX A6000, using Adam
optimization with a learning rate of 1e-4, without dropout or
weight decay. The phoneme-level speech-text alignment model,
with a batch size of 1, was trained for 10 epochs, totaling 50
hours on the same GPU, under the same optimization settings.

3.3. Results

3.3.1. Speech-text alignment

Comparison diagram between Neural LCS algorithm and Hard
LCS is shown in Fig. 3.It can be seen that our model performs
well in handling the alignment of similar phonemes or words.
For the phoneme level, the model can more accurately cap-
ture the pronunciation similarity between vowels and the pro-
nunciation similarity between consonants. For the word level,
the model can focus on the similarity of pronunciation or letter
composition between words to achieve a more reasonable align-
ment. Compared with the Hard LCS algorithm, the Neural LCS
model can better combine the related features of phonemes or
words to achieve alignment. In addition, in the example shown
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Figure 3: : (a) shows that our word-level Neural LCS model captures acoustic similarities between words, even if they contain different
letters, like swiftly-wishy. (b) demonstrates the model’s ability to capture morphological similarities, even without similar pronuncia-
tions, like plays-playing. (c) highlights the phoneme-level model’s ability to capture consonant similarities, such as K-G, S-Z. (d) shows
that the model captures vowel similarities, like IH-EY, AO-AA.

in Fig. 3, our model can also accurately identify various dysflu-
ency types(talked in Sec. 2.2.1) through soft alignment.

We apply DTW, Hard LCS, and Neural LCS to the test
set of text-text data and LLM-generated text to compare their
alignment accuracy with the reference text. Results are shown
in Table 3. On both test sets, Neural LCS significantly im-
proves alignment of dysfluent phonemes and words over tradi-
tional DTW and Hard LCS, consistent with our analysis. It also
detects dysfluency types more accurately. Additionally, Neu-
ral LCS performs better at the phoneme level, likely due to the
added complexity of word-level alignment, which involves both
morphological and acoustic features.

Level Method text-text data LLM text

Phoneme
DTW 33.47% 54.80%

Hard LCS 24.78% 43.53%
Neural LCS 72.55% 90.96%

Word
DTW 58.65% 62.42%

Hard LCS 58.47% 60.67%
Neural LCS 68.44% 75.07%

Table 3: Comparison of Different Methods

3.3.2. Speech-text alignment

We conduct our STA (Speech-text Alignment) model infer-
ence on our proposed LLM disorder data and PPA Speech, us-
ing YOLO-Stutter [18], an open-sourced state-of-the-art model
for dysfluency boundary detection in speech, as the baseline.
We evaluate the models using Boundary Loss(BL): the mean
squared error between the predicted and actual boundaries of
the dysfluent regions.

Methods Evaluated Dataset Rep Del Sub Ins
BL BL BL BL

YOLO-Stutter LLM disorder 27ms 13ms 10ms 50ms
STA model LLM disorder 10ms 27ms 8ms 23ms

YOLO-Stutter PPA Speech 21ms
STA model PPA Speech 17ms

Table 4: Boundary Loss(BL) of the four dysfluency types

As indicated in Table 4, except deletion detection, our STA
model outperforms YOLO-Stutter in terms of the BL metric. In
particular, there have been significant improvements in repeti-
tion and Insertion, which means that our STA model can more
accurately match the dysfluent parts of speech with timestamps.
Notably, our STA model adopts full sequence alignment, so ex-
cept for the unfluent parts, we can perform speech alignment on
all phonemes in the reference.

3.4. Ablation experiments

To investigate the impact of the proportions of different dys-
fluency types quantities on training results, we selected four
different proportions except for average on our text-text data,
as follows: P = [Repetition, Insertion, Deletion, Substitu-
tion], P1=[1:1.5:1:1.5], P2= [1:1.5:1.5:1], P3=[1:1:1.5:1.5],
P4=[1:1:1.2:1]. Table 5 shows the type-specific accuracy on
LLM disorder text (Mix refers to multiple dysfluency types in a
sentence). Despite proportion adjustments, repetition accuracy
remained high and stable, while substitution stayed relatively
low. Pairwise comparison reveals that increasing the substitu-
tion proportion improves its accuracy but lowers insertion ac-
curacy, and vice versa. Increasing the deletion proportion has a
minimal impact on other types.

Proportions Rep Ins Del Sub Mix

Average 96.23% 83.85% 93.42% 91.25% 90.96%
P1 96.40% 81.95% 92.09% 92.20% 90.64%
P2 95.79% 83.93% 93.74% 86.61% 89.68%
P3 96.10% 81.37% 95.39% 93.22% 91.56%
P4 96.51% 82.55% 95.04% 92.77% 90.14%

Table 5: Type-specific accuracy of different proportions

4. Conclusion and Future Work
In this work, we propose Neural LCS, a novel approach to dys-
fluent speech alignment that addresses limitations in existing
methods. Our system operates in two modes: (1) aligning tran-
scribed phonemes/words with reference sequences using acous-
tic or morphological characteristics, and (2) directly segment-
ing speech signals according to the reference. By incorporating
acoustic phonetic similarity, Neural LCS significantly improves
accuracy in detecting and segmenting various dysfluencies. We
contribute two simulated dysfluent corpora: text-text data and
LLM Disorder, containing acoustic features and naturally dis-
fluent text/audio with high-quality annotations. Experiments
on both simulated and real disordered speech datasets demon-
strate Neural LCS outperforms existing models in speech-text
alignment, making it valuable for clinical and research appli-
cations. Neural LCS in essence tackles the word and phoneme
allophony issue [28, 29], and it would be helpful to also ex-
plore better phoneme similarity models either in kinematics sys-
tems [30, 31] or gestural systems [12, 32, 33].
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