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Abstract

Automatic pronunciation assessment (APA)
provides L2 learners with scalable and timely
feedback on pronunciation proficiency in a tar-
get language, typically through goodness of
pronunciation (GOP) features. GOP quanti-
fies how well a pronounced phoneme matches
the expected target sound by comparing acous-
tic features against the model’s posterior prob-
abilities. Traditional GOP relies on forced
alignment to obtain these posteriors, but it suf-
fers from acoustic-induced misalignments that
degrade assessment reliability. Although the
standard CTC-GOP approach bypasses forced
alignment, it is limited by the inherent peaky be-
havior of CTC-based ASR models, which pro-
duces sparse posteriors and lacks stable tempo-
ral information. To address these issues in stan-
dard CTC, we propose a context-aware CTC
framework incorporating output context depen-
dency (OCD) in the CTC topology, along with
label prior (LP) and maximum conditional en-
tropy (EnCTC) regularization, to mitigate peak-
iness and produce more stable ASR logits suit-
able for GOP computation. Experiments on the
speechocean762 corpus demonstrate that our
best context-aware configurations achieve supe-
rior phoneme-level performance, outperform-
ing the TDNN-F baseline and standard CTC in
unified GOPT (phoneme PCC 0.641 vs. 0.612;
word total PCC 0.582 vs. 0.549) while nar-
rowing the gap in hierarchical HierCB scoring.
These improvements widen the scoring margin
between correct and mispronounced phonemes
from 0.708 to 0.816 in GOPT. They also reveal
that mitigating CTC peakiness and incorporat-
ing context dependency significantly enhance
CTC-GOP stability and robustness, especially
for alignment-free APA models.

1 Introduction

Goodness of pronunciation (GOP) (Witt and Young,
2000; Hu et al., 2015) aims to evaluate whether
pronunciation is in the correct way (mispronuncia-
tion detection and diagnosis, MDD) (Parikh et al.,
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2025) and assess their pronunciation proficiency
(automatic pronunciation assessment, APA) (Zhang
etal.,2021; Chao et al., 2022; Gong et al., 2022; Do
et al., 2023; Pei et al., 2024; Yan et al., 2024, 2025).
The conventional GOP uses the hidden Markov
model, operating force alignment to retrieve the
time mapping with logits and the given phoneme se-
quence, then computing the similarity with aligned
phonemes and logits (Zhang et al., 2021). The
GOP score and feature have been widely adopted
in MDD and APA tasks.

Despite the success, the conventional GOP has a
major drawback. It depends on accurate audio-text
alignments. Any misalignment degrades assess-
ment quality. To solve this issue, an alignment-free
method, named CTC-GOP (Cao et al., 2024), was
proposed. CTC-GOP is based on connectionist
temporal classification (CTC) (Graves et al., 2006)-
based automatic speech recognition (ASR) models,
utilizing path-wise decoding results to compute
GOP scores and features. It does not need the force
alignment procedure, avoiding the misalignment
issues.

However, despite its significant contributions,
CTC-GOP is not without its limitations. While tra-
ditional DNN-HMM systems are precise in timing
but often too rigid to accommodate the disfluencies
of L2 speech. In contrast, standard CTC is highly
flexible but suffers from inherent peaky behavior,
where the model strongly prioritizes what was said
over when it occurred. Since accurate temporal
information is essential for APA tasks, this remains
a critical drawback. In detail, the CTC topology
introduces a special blank token to act as a sym-
bol boundary. During training, the ASR model
over-identifies blank tokens, reinforcing this ten-
dency until most frames are classified as "blank”
token (Zeyer et al., 2021). Consequently, the prob-
ability distributions of non-peaky frames are un-
derestimated, with optimal phoneme distributions
restricted to only a few sharp spikes, making it
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difficult to handle pronunciation uncertainty in am-
biguous pronunciation. While this peaky behavior
and the resulting ambiguity in word boundaries do
not hinder general ASR tasks, this lack of temporal
density degrades the efficacy of CTC-GOP, which
relies on stable frame-level posteriors.

Inspired by content-aware GOP (Shi et al., 2020),
we explore two methods to alleviate peakiness and
improve the accuracy of token onset and offset pre-
dictions: (1) a label prior (LP) to the CTC loss to
penalize blank-heavy paths (Huang et al., 2024),
and (2) maximum conditional entropy-based reg-
ularization for CTC (EnCTC), which can be con-
ducted without frame-level supervision due to the
lack of labels for phoneme boundaries (Chen et al.,
2023). These adjustments aim to produce more
informative, less peaky posteriors suitable for pho-
netic modeling. Furthermore, CTC primarily stems
from the core assumptions of context independence.
Although modern end-to-end (E2E) architectures,
such as TDNN-F (Peddinti et al., 2015; Povey et al.,
2018) and attention-based models (Baevski et al.,
2020; Hsu et al., 2021), incorporate input context
dependency (ICD) through contextualized represen-
tations, the standard CTC topology remains con-
strained by a strong conditional independence as-
sumption. In natural speech, continuous phonemes
exhibit significant coarticulation, suggesting that
modeling dependencies between preceding and suc-
ceeding units may be superior to the standard in-
dependence model. To address this, we use con-
text dependency (CD) symbols in CTC topology
(Chorowski et al., 2019), referred to as output con-
text dependency (OCD), to investigate the implica-
tions of the OCD impact on APA.

After these attempts to fix CTC, we utilize the
resulting ASR models to compute CTC-GOP fea-
tures for two distinct scoring architectures: the
unified GOPT (Gong et al., 2022) and the hierar-
chical HierCB (Yan et al., 2025). Because GOPT
maps phoneme-level CTC-GOP features directly
to scores, serving as an alignment-free APA model.
In contrast, HierCB incorporates additional inputs
that require explicit time alignment (TA) informa-
tion, such as phoneme-level acoustic embeddings
and duration features, serving as an alignment-
dependent APA model.

To sum up our contributions: (1) We develop a
context-dependent CTC framework that incorpo-
rates OCD and regularization techniques to miti-
gate the inherent peaky behavior of standard CTC.
(2) We systematically analyze how architectural
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choices, such as OCD, label priors, and stress mark-
ers, impact time alignment (TA) accuracy across
multiple speech corpora. (3) We evaluate these im-
provements across both unigram and hierarchical
APA architectures, demonstrating that mitigating
CD is a factor for achieving trustworthy scoring
results in alignment-dependent assessment models.

2 Methodology

2.1 CTC training with LP

ASR task aims to predict the most probable to-
ken sequence Y. Given a speech feature matrix
X, whether it can be raw speech or a sequence of
feature vectors, is conveyed to an audio encoder.
It processes X into a sequence of contextualized
hidden features. Subsequently, it can be applied
to MLP (Popescu et al., 2009), or CD embedding
layers (Chorowski et al., 2019), then culminating in
a softmax activation function. This process yields
the probability distribution over each token in Y.
CTC models the posterior probability P(Y|X) by
marginalizing all possible alignments B3~1(Y) be-
tween X and Y with the conditional independence
assumption.

PY[X) =

Z Hpt ™| X),
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where B(7) collapses an alignment sequence 7,
merging repeated neighbouring tokens and then re-
moving any blank labels. p;(m;|X) is the posterior
probability of token at time .

To reduce the number of blanks in the optimal
alignment paths, we can apply unigram LPs on
each token in 7 to penalise paths containing too
many blank symbols.

pe (| X)
E: II Wta7
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PHP(Y|X) = )

where the hyper-parameter ¢ € R is a scalar.
When a = 0, this is exactly the standard CTC loss.
If m has more blank tokens, it will have a larger
prior P(7;), in other words, get a larger penalty in
its posterior probability, so B~!(Y), including the
optimal one, will avoid blank tokens. Notably, the
LPs are applied during training. And if using LP
while training, there is no further need to apply LPs
while decoding.



2.2 EnCTC

While LP ensures the ASR model is fair to rare
symbols, EnCTC ensures the ASR model is cau-
tious and doesn’t overfit to its own predictions. We
utilize EnCTC to prevent the ASR model from
converging prematurely to a single, overconfident
alignment path. This is achieved by adding a maxi-
mum conditional entropy term to the standard CTC
objective:

Lenctc = Lete — bH(7|Y, X), 3)

where b regulates the intensity of the regulariza-
tion. The entropy H (-) measures the uncertainty
across all feasible alignment paths. By maximiz-
ing this entropy, the ASR model is encouraged to
distribute probability mass across multiple nearby
paths, leading to less peaky posteriors and more
informative frame-level distributions for GOP com-
putation.

2.3 DWFST implementation for standardized
CTC

To benefit from HMM’s highly accurate time align-
ment (TA), and simultaneously imitate the CTC,
which can be considered to have a one-state-HMM
topology with a single self-loop. In literature, it can
easily be done by defining a topology (Zhao and
Bell, 2024), integrated into an E2E ASR framework
with a differentiable weighted finite state transducer
(DWFST) (Hannun et al., 2020). The posterior
P(Y|X) can be rewritten as

>

well(Y;ToL)

P(Y[X) = p(m|X), 4)

where T and L denote the topology and the lexi-
con finite-state transducer (FST), and II(Y; T o L)
represents the set of all the token sequences, whose
corresponding output sequence is Y, in the com-
posed FST, T o L.

To compute the score of each probable w, we
first need to intersect the decoding graph, which is
T o (L o G), where G is the target word sequence,
with the emission FST constructed E from the ASR
model’s logit outputs, which is like

2

mell(Y;ToL)
TotalScore(E o (T o (Lo G))).

p(r|X) =
6))
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2.4 Decoding with alignment graph built
without lexicon

The Viterbi decoding does not guarantee the align-
ment output to be identical to the canonical phone
sequence, even if the same word sequence is out-
put. To solve this problem, we follow the idea in
Zhang et al. (2021) to build the lexicon-to-grammar
FST directly using the provided canonical phone
sequence. We first create a linear FST in which in-
put labels are the canonical phone sequences, and
the output labels are the corresponding words and
epsilons. The disambiguation symbol is added at
the tail of LG to ensure the determinization of FST.

2.5 CTC training with context-dependent
symbols

To address the limitations of context-independent
targets, we transition from monophone to diphone
units by following the idea in Chorowski et al.
(2019). For a target sequence such as [g, v, v], the
corresponding extended transcript is mapped to
[0q, qu, vv], where ()q and qu are variant units for ¢
unit, ) is the blank token, following the alignment
constraints:

@* @q @q* @* qu qv* @* v vt @*’

While this expansion captures local phonetic
context, it significantly increases the output dimen-
sionality and computational complexity. To miti-
gate this, we adopt a context-dependent embedding
network to replace the standard final linear layer.
This approach generates co-dependent prototype
vectors for the diphone units, effectively reducing
parameter overhead while enabling the ASR model
to generalize across unseen phonetic contexts.

2.6 CTC-GOP computation

The definition of CTC-GOP adopts the approach of
enumerating all possible transcription paths involv-
ing deletions and substitutions of specific tokens.
We denote the canonical phoneme sequence as Y.
In place of the original GOP-NN (Hu et al., 2015),
this method first defines the log posterior probabil-
ity (Ipp) scalar as

Ipp = log p(Y.|X). (6)

The vector of log posterior ratios (LPR) for the
1th phoneme in Y. is then defined as

p(Yc|X)

_— 7
P(Ysqi|X) @

LPR(i) = log <



where the Y g4; is the deletion and substitutions
for the ith phoneme in Y.. The features of the ith
phoneme in Y. is then defined to be:

CTC-GOP(i) = {lpp,LPR(i)}.  (8)

Regarding the dimensionality of CTC-GOP(i),
for a 39-phone set, the LPR vector consists of 40
dimensions (accounting for 38 possible substitu-
tions, one deletion, and the canonical phoneme
itself). Including the Ipp scalar, the total feature
vector length is 41.

We also describe the details for how to extract
CTC-GOP features from a CTC-based ASR model
in Appendix A. The pipeline consists of three
stages: (1) reduction of the phone inventory from
full phone sets to pure phones, (2) batched CTC
loss computation over substitution and deletion hy-
potheses, and (3) construction of LPR.

3 Experimental Results

3.1 Corpus

We fine-tune the ASR models on the 960-hour Lib-
riSpeech (Panayotov et al., 2015) corpus using a
72-phoneme inventory (including stress markers).
To evaluate TA accuracy, we utilize two standard
American English corpora with gold-standard pho-
netic alignments: TIMIT (Garofolo et al., 1993)
(read speech) and Buckeye (Pitt et al., 2005) (con-
versational speech).

Our evaluation set includes 400 dev and 192 test
samples from TIMIT, totaling 177,080 phonemes.
For Buckeye, we evaluate 7,492 samples contain-
ing 858,386 phonemes. These datasets provide
the verbatim timed transcriptions necessary to mea-
sure the impact of mitigated peaky behavior on
boundary precision. Detailed hyperparameters and
implementation are provided in Appendix B.

Both TIMIT (61 pure phones) and Buckeye (76
pure phones) were standardized to the CMU 39-
pure phone units. This ensures a uniform phonetic
label space across the three corpora, regardless of
their original inventory sizes. Then, we add the
stress markers back to their phoneme sequences
L,cf. We first use the TDNN-F model pretrained
on Librispeech ! to transcribe the phoneme se-
quence Ly,,. Then, we apply a positional transfer
function to map the possible stress markers from
transcription to the converted non-stress labels, by

"https://kaldi-asr.org/models/m13
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identifying vowel indices V;..r and V},,, and apply-
ing a conditional mapping strategy:

* Linear mapping: If |Vie¢| = |Viypl, stress
markers are transferred via a direct 1-to-1 or-
dinal correspondence in L.y and Lp,,.

* Relative alignment: If vowel counts diverge,
we apply a nearest-neighbor approach based
on relative sequence position. For each V]-Tef
in L.y, the stress digit is borrowed from the

VP in L, that minimizes the normalized

distance: ¢ = arg min;

R
| Liet| |Lhyp‘
This mechanism ensures that the hypothesis se-
quence maintains a rhythmic structure consistent
with the reference, even in the presence of phoneme
insertions or deletions.

In addition to investigating the effect on acoustic
variants, we evaluate ASR models trained on two
distinct phoneme inventories: a comprehensive 72-
unit set and a reduced 39-unit set, to provide a
controlled benchmark against the original set.

For APA evaluation, we conducted experiments
on the speechocean762 corpus (Zhang et al., 2021),
a publicly available dataset specifically designed
for APA research. This dataset contains 5,000
English-speaking recordings spoken by 250 Man-
darin L2 learners. Each of the training and test sets
has 2,500 utterances, where annotates utterance-
level scores (accuracy, stress, completeness, flu-
ency, prosodic, total), word-level scores (accuracy,
stress, total) and phoneme accuracy score.

3.2 Backbone ASR models

WavLM (Chen et al., 2022) improves upon
wav2vec 2.0 (Baevski et al., 2020) and HuBERT
(Hsu et al., 2021), enhancing the model’s robust-
ness for APA by incorporating gated relative posi-
tion bias and speech denoising capabilities during
pre-training. While it is similar to HuBERT, im-
proving upon wav2vec 2.0 by predicting hidden
unit clusters, WavLLM’s unique focus on simulat-
ing noisy and overlapped speech during training
allows for more discriminative acoustic represen-
tations. These features help capture the small pho-
netic changes needed for accurate, high-resolution
pronunciation scores.

3.3 Metrics

To access TA quality at the word- and phoneme-
level, we adopt both absolute and marginal metrics
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Figure 1: The time stamp error (TSE), alignment accuracy (ACC) and blank ratio (BR) figures. These ASR models
test on TIMIT’s dev and eval dataset and the whole Buckeye corpus.

(Zhao and Bell, 2024). For the absolute one, we
use the time stamp error (TSE), which is defined
as:

Zw 75 — hs| + |re — he

TSE =
Ny, ’

(€))

where the N,, represents the phoneme or word
count in each utterance, and rg, hg, 7e, he In-
dicate the reference, hypothesis’ start time and
end time, respectively. Another one is alignment
accuracy (ACC) for a threshold 7 milliseconds,
T = {10, 20, 25, 30, 40, 50}, which is defined:

ACC(1) =

Zwl(TS*TShsmhegre‘FT)
Ny ’

(10)

for each phoneme or word that satisfies the con-
dition, 1(x) outputs 1, otherwise 0.
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To estimate the efficacy of those methods in mit-
igating CTC’s peaky behavior, we also count the
blank ratio (BR) to understand whether it decreases
with those methods. BR is defined as

BR - 2l
2N

where IV, denotes the number of occurrences of
the blank state within an evaluation utterance, and
N represents the total number of frames in that
utterance. The summation ) is executed across
all evaluation utterances. This evaluation metric
allows us to quantify the proportion of frames that
are classified as blank states by our models.

To evaluate the APA model’s performance, the
Pearson correlation coefficient (PCC) is adopted,
while the mean squared error (MSE) is only used
for the phoneme accuracy.

an



ASR Models ‘ Phoneme Score Word Score (PCC) Utterance Score (PCC)

| MSE| PCCt | Acc.t Stress? Totalt | Acc.? Comp.1 Fluencyt Prosodict Total

TDNN-F(Kaldi) 0.085 0.612 | 0533 0291  0.549 | 0.714 0.155 0.753 0.760 0.742
(Gong et al., 2022) +0.001 40.003 | £0.004 40.030 +0.002 | £0.004 4+0.039  +0.008 +0.006  £0.005

WavLM(39)(CTC*) | 0.102 0484 | 0443  0.112 0449 | 0.710 0.142 0.661 0.699 0.719
(Cao et al., 2024, 2026) | £0.003 +0.019 | £0.014 +0.021 +0.019 | £0.002 +0.090  +0.004 +0.002  +0.002

WavLM (DWFST-CTC)

0.086 0.612 | 0554 0306 0.573 | 0.742 0.155 0.745 0.749 0.762
) +0.002 40.014 | £0.014 +0.027 +0.013 | £0.006 +0.048  +0.005 +0.004  +0.006

(LP) 0.123 0335 | 0347  0.032 0356 | 0.621 -0.013 0.655 0.643 0.622
+0.001 40.005 | £0.002 +0.005 +0.000 | +£0.008 +0.036  +0.015 +0.009  +0.011

(EnCTO) 0.089 0590 | 0.541 0254  0.559 | 0.729 0.179 0.739 0.743 0.745
+0.002  40.009 | £0.006 +0.010 £0.007 | £0.007 +0.033  +0.003 +0.001  £0.003

(LP+EnCTC) 0.120 0352 | 0365 0.043 0379 | 0.641  -0.007 0.670 0.659 0.654
40.001 40.012 | £0.006 4+0.025 +0.006 | £0.008 +0.012  +0.014 +0.013  +0.011

39) 0.088  0.600 | 0.547  0.303  0.565 | 0.725 0.174 0.740 0.745 0.749
+0.002 40.010 | £0.008 40.005 +0.009 | £0.006 +0.011  +0.006 +0.003  £0.006

(39)(LP) 0.125 0319 | 0336  0.022 0347 | 0.59%4 0.033 0.621 0.615 0.601
+0.000 40.000 | £0.004 +0.002 +0.001 | £0.006 +0.033  +0.013 +0.010  £0.008

(39)(EnCTC) 0.122 0325 | 0336  0.016 0.347 | 0.607 0.022 0.641 0.635 0.619
+0.000 40.001 | £0.002 40.013 +0.003 | £0.003 4+0.014  +0.006 +0.002  +0.006

0.089  0.595 | 0.542 0299  0.560 | 0.728 0.230 0.736 0.744 0.747
(39(LP+EnCTC) +0.002 40.012 | £0.011 +0.021 +0.011 | £0.008 +0.046  +0.005 +0.004  +0.006

DOP) 0.084 0.621 | 0549 0210 0.567 0.724 0.219 0.720 0.732 0.739
+0.001 £0.004 | £0.004 +0.012 £0.003 £0.002 0.050  +0.005 +0.003  £0.004

(DP)(LP) 0.106 0.486 | 0.444  0.134 0463  0.660 0.094 0.659 0.664 0.675
+0.001 40.012 | £0.012 40.026 +0.010 +0.005 +0.019  +0.004 +0.001  +0.004

(DP)(EnCTC) 0.083  0.626 | 0.553 0227 0571  0.727 0.228 0.726 0.739 0.745
+0.001 £0.003 | £0.004 40.010 +0.003 +0.004 +0.077  +0.009 +0.006  £0.002

0.096 0558 | 0511  0.159  0.527  0.704 0.061 0.702 0.711 0.718
(DP)(LP+EnCTC) +0.002 40.006 | £0.005 40.022 +0.004 +0.005 40.046  +0.008 +0.014  =£0.007

(DP)39) 0.081 0.641 | 0565 0261 0.582  0.728 0.220 0.726 0.736 0.747
40.001  40.005 | £0.005 +0.018 +0.004 +0.002 +0.088  +0.003 +0.002  £0.003

(DP)(39)(LP) 0.081  0.640 | 0.564 0262  0.582  0.729 0.208 0.727 0.735 0.748
+0.001 £0.006 | £0.006 +0.016 +0.006 +0.003 +0.091  +0.005 +0.003  £0.004

0.081 0.641 | 0565 0260 0.582  0.728 0.217 0.726 0.736 0.747
(DP)39)(ENCTC) +0.001 £0.006 | £0.005 +0.019 £0.004 £0.002 +0.086  +0.003 +0.002  =£0.003

0.081  0.637 | 0562 0262 0.580  0.726 0.217 0.724 0.732 0.745
(DP)GNWLPHENCTO) | 16601 £0.006 | £0.005 +0.023 +£0.005 +£0.002 +£0.082  +0.003 +0.003  =£0.003

Table 1: Evaluation results for the GOPT model.

CTC™ denotes the standard CTC baseline. Results are reported as

the mean and standard deviation (&£) across five seeds. Bold and underlined text indicate performance exceeding the
baseline, with bold representing the best result for each aspect. Models labeled (39) utilize the CMU 39-phone set,
while (DP) refers to the proposed diphone units. (LP) and (EnCTC) represent label prior and conditional maximum
entropy regularizations, respectively. Shaded rows distinguish models utilizing content-aware CTC.

3.4 Results

We compare our proposed context-dependent CTC
methods with the TDNN-F (Kaldi) and standard
CTC to evaluate their efficacy on Time Alignment
(TA) accuracy and the resulting series of GOP fea-
tures on the APA models. The TDNN-F baseline is
well-known for its outstanding ability in audio-text
alignment (Rousso et al., 2024), providing stable
posteriors that serve as a robust benchmark for
APA tasks. It outperforms all the other methods
in the HierCB model, as shown in Table 2. But
in GOPT shown in Table 1, WavLM(DP)(39) and
WavLM(DP)(39) series outperform the TDNN-F
(Kaldi) and standard CTC, and show the best results

in many phone- and word-aspects. This observa-
tion shows that the content-aware CTC can really
help access pronunciation at fine-grained levels. Hi-
erCB relies on external hard alignments which may
not benefit from the soft posterior density. GOPT
is alignment-free and looks at the global feature se-
quence; it benefits more from the enriched acoustic
information in our dense posteriors.

3.4.1 Phone-set Granularity: 39 Phones vs.
Full Phoneme Set

We investigated whether the granularity of the units
affects alignment and GOP quality. As shown in
Figure 1, ASR models using the CMU 39-phone
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ASR Models ‘ Phoneme Score Word Score (PCC) Utterance Score (PCC)

| MSE| PCCt | Acc.t Stresst Totalt | Acc.t Comp.1 Fluency Prosodict Total 1

TDNN-F(Kaldi) 0.078  0.660 | 0.608  0.385  0.625 | 0.757  0.685 0.835 0.826 0.787
(Yan et al., 2025; Li et al., 2025) | £0.001 +0.002 | £0.011 40.045 +0.011 | £0.006 +0.153  +0.004 +0.003  +0.004

WavLM(39)(CTC*) 0.084 0624 | 0573 0218 0589 | 0739 0317 0.737 0.738 0.756
(Cao et al., 2024, 2026) +0.001 +0.002 | £0.006 +£0.022 40.006 | £0.002 +0.026  +0.004 +0.003  +0.002

WavLM (DWFST-CTC)

0.088  0.600 | 0574 0217 0589 | 0749 0272 0.744 0.745 0.765
) +0.001 40.005 | £0.003 +0.011 40.003 | £0.006 +0.033  +0.006 +0.007  +0.004

LP) 0.114 0432 | 0430 0.097 0442 | 0.635 0.099 0.665 0.653 0.645
+0.002 +0.007 | £0.006 +0.008 =£0.006 | £0.006 +0.016  +0.011 +0.009  +0.008

(EnCTC) 0.088  0.602 | 0566 0203 0581 | 0.743 0.248 0.738 0.740 0.762
+0.002  40.006 | £0.008 +0.020 +0.009 | £0.006 +0.046  +0.005 +0.005  +0.004

(LP+EnCTC) 0.105 0501 | 0.487  0.153 0500 | 0.708  0.285 0.753 0.742 0.731
+0.002 +0.015 | £0.008 +0.011 =+0.009 | £0.004 4+0.066  +0.005 +0.005  +0.003

(39) 0.088  0.600 | 0.584  0.195 0.599 | 0.751 0.281 0.742 0.745 0.767
+0.002 +0.010 | £0.015 +0.017 =+0.014 | £0.002 40.055  +0.005 +0.003  +0.002

(39)(LP) 0.105 0497 | 0487  0.32 0502 | 0727  0.148 0.753 0.749 0.742
40.002  40.009 | £0.006 +0.010 +0.006 | £0.002 +0.032  +0.004 +0.004  +0.002

(39)(EnCTC) 0.104  0.494 | 0490  0.143 0505 | 0.727  0.185 0.749 0.741 0.743
+0.001 40.010 | £0.008 +0.011 =40.007 | £0.003 +0.035  +0.004 +0.004  +0.003

0.087 0611 | 0570 0267 0.586 | 0.742  0.427 0.773 0.773 0.761
(39)(LP+EnCTC) +0.002 +0.007 | £0.012 +0.006 +0.011 | £0.008 +0.049  +0.004 +0.005  +0.007

(DP) 0.085 0.620 | 0588 0264 0.603 | 0.733 0.288 0.725 0.728 0.749
+0.001 40.003 | £0.009 +0.008 +0.008 | £0.007 +0.070  +0.005 +0.005  +0.005

(DPYLP) 0.107 0491 | 0.466 0.153 0479 | 0.708  0.306 0.743 0.737 0.727
+0.002 +0.012 | £0.014 +0.013 =+0.012 | +£0.007 40.047  40.005 +0.007  +0.006

(DP)(EnCTC) 0.084 0623 | 0584 0254  0.598 | 0.741 0.383 0.730 0.734 0.754
+0.001 +0.002 | £0.002 +0.006 =+0.002 | £0.004 £0.031  +0.005 +0.005  +0.003

0.101 0524 | 0519 0.150  0.530 | 0.701 0.176 0.707 0.709 0.706
(DP)(LP+EnCTC) +0.001 40.008 | £0.003 +0.004 +0.003 | £0.007 +0.013  +0.006 +0.006  +0.007

(DPY39) 0.082 0634 | 0597 0242 0612 | 0742 0337 0.720 0.726 0.755
+0.001 +0.005 | £0.006 +0.016 =+0.006 | £0.009 40.046  40.007 +0.008  +0.009

(DP)(39)(LP) 0.082 0636 | 0604 0259 0.619 | 0750  0.331 0.740 0.742 0.766
+0.001 +0.003 | £0.007 +£0.006 =0.008 | +£0.004 +0.035  +0.009 +0.007  +0.003

0.083 0632 | 0590 0232 0.605 | 0.748  0.261 0.737 0.743 0.764
(DP)3N(ENCTC) +0.002 40.004 | £0.010 +0.016 +0.009 | £0.006 +0.033  +0.009 +0.010  =+0.008

0.084 0628 | 0593 0231 0608 | 0736  0.287 0.725 0.730 0.751
(DI ERIHER ) 40.001 40.003 | £0.009 +0.012 +0.008 | £0.006 +0.039  +0.015 +0.014  +0.008

Table 2: Evaluation results for HierCB (Yan et al., 2025) model.

set (pure phones) consistently outperformed their
full-phoneme (stress-marked) counterparts across
nearly all metrics. On TIMIT, WavLM(39)(LP)
achieved a word TSE of 5.9% on the test set, com-
pared to 6.6% for the standard WavLM(LP). This
performance gain is likely due to the reduced confu-
sion between acoustically similar phonemes, which
simplifies the alignment task for the CTC loss.

3.4.2 Comparison of CTC Peaky Mitigation
Methods

We evaluated two primary methods for mitigating
the peaky behavior and overconfidence in CTC
models, LP and EnCTC, respectively. LP ensures
the ASR model remains fair to rare phonetic sym-
bols by normalizing the posteriors. Our results indi-
cate that while standard WavLM-CTC lags behind
the Kaldi baseline in word TSE (9.3% vs. 9.0%
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on Buckeye), the integration of LP significantly
closes this gap. As shown in Figure 1, WavLM(LP)
achieves a word TSE of 7.3% on Buckeye, out-
performing the Kaldi baseline by approximately
2% absolute. This suggests that accounting for the
prior distribution of phones effectively mitigates
the "lazy" alignment typical of standard CTC, lead-
ing to more precise boundary estimation.

Specifically, LP ensures the ASR model remains
fair to rare phonetic symbols by normalizing the
posteriors. This yields substantial gains in high-
precision scenarios; for instance, the word ACC-50
on Buckeye increases from 44% (Standard CTC)
to 69% with the addition of LP and phoneme level
from 48% to 52%, shown in Table 3 and Table 4.
In contrast, while EnCTC acts as a regularizer to
ensure the ASR model remains cautious and avoids
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Figure 2: Distribution of GOPT phoneme scores for
correct vs. mispronounced speech across various CTC-
based ASR backbones.

overfitting to its own predictions, we observed that
EnCTC is less effective than LP at reducing the
BR.

Finally, we conducted experiments on the com-
bination of both methods (LP+EnCTC). This
hybrid approach yielded the best overall perfor-
mance across all metrics. On the Buckeye dataset,
WavLM@B39)(LP+EnCTC) achieved the highest
word ACC-50 score of 77.2%. These findings con-
firm that simultaneously addressing data bias (via
LP) and model overconfidence (via EnCTC) is es-
sential for achieving high-fidelity alignment suit-
able for downstream APA tasks.

3.4.3 DP vs. Regularizers

A notable observation is that LP still collapses on
content-independent ASR models. Empirically, LP
forces the model to predict rare phones more of-
ten. In a standard (monophone) CTC model, this
might lead to insertion errors of rare phones into
the blank spaces, destroying the alignment. How-
ever, in DP+39, the output space is more context-
sensitive. The DP targets provide a stronger acous-
tic constraint that prevents LP from hallucinating
rare symbols, instead using that prior to sharpen
the transitions between phones.

3.4.4 Relational Studies: Alignment vs. APA
Performance

We observed a clear correlation between TA accu-
racy and the PCC of the APA models. As shown
in the comparison between Buckeye and TIMIT re-
sults, models with lower TSE (better alignment)
consistently produced GOP features that led to
higher word and utterance-level PCC in APA. For
instance, the transition from standard WavLM-CTC
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Buckeye / TIMIT dev / TIMIT test
P-TSE| P-ACC@257 ‘ P-ACC@507

TDNN-F(Kaldi) | 26.3/5.216.1 26.1/34.4/32.5 | 63.6/80.9/76.5
WavLMG39)(CTC*) | 26.1/5.6/6.7 27.4/38.6/36.8 | 54.9/73.2/68.8

ASR Models

‘WavLM (DWFST-CTC)
- 26.3/7.1/8.2  21.0/25.9/24.9 | 48.9/59.2/56.0
(LP) 26.1/7.2/8.4  26.0/29.1/26.9 | 52.8/59.2/55.3
(EnCTC) 26.3/7.0/8.1 21.2/26.5/25.4 | 48.8/59.5/56.2
(LP+EnCTC) 26.0/7.0/8.1  27.1/30.4/28.0 | 54.2/61.0/56.3
39) 26.0/6.9/8.0 23.5/27.1/26.2 | 51.1/61.1/57.6
(39)(LP) 25.3/6.5/7.6  32.8/33.1/30.7 | 59.0/64.9/60.1
(39)(EnCTC) 26.2/6.6/7.6 24.4/29.1/27.9 | 51.6/63.0/59.1
(39)(LP+EnCTC) 25.2/6.4/7.5 32.9/33.8/31.8 | 59.4/65.4/61.6
(DP) 38.2/6.8/6.9  9.7/22.4/23.5 | 26.9/57.4/57.9
(DP)(LP) 38.3/7.0/7.2  12.9/24.7/125.5 | 30.0/58.7/58.8
(DP)(EnCTC) 38.1/6.9/6.9  9.7/22.1/23.3 | 26.9/56.8/57.5
(DP)(LP+EnCTC) 38.5/7.0/7.1  9.5/22.3/22.7 | 26.6/56.5/57.2
(DP)(39) 38.2/6.8/7.0  9.9/22.1/23.3 | 27.1/57.4/58.0
(DP)(39)(LP) 38.2/6.8/7.0  9.8/22.6/23.5 | 27.0/57.5/58.1
(DP)(39)(EnCTC) 38.2/6.8/7.0  9.9/22.1/23.3 | 27.2/57.4/58.0
(DP)(39)(LP+EnCTC) | 39.1/7.1/7.2  10.0/21.8/22.4 | 27.2/56.8/58.0

Table 3: A simplified result shows the TSE and ACC
metrics on Buckeye corpus, TIMIT dev and test datasets,
which only select the phoneme level (P-) and the toler-
ance at 25ms (@25) and 50ms (@50).

to WavLM(39)(LP+EnCTC) reduced phone TSE
from 26.3% to 25.2% on Buckeye, which directly
contributed to more reliable GOP feature extrac-
tion.

3.5 Scoring Results: Correct vs. Incorrect

We use the alignment-free APA model GOPT,
which relies solely on CTC-GOP features, to test
if our ASR changes actually help tell the differ-
ence between good and bad speech. As shown in
Figure 2, the standard WavLM-CTC baseline has
a scoring gap of 0.708. However, our best setup,
WavLM(DP)(39)(LP), widens this gap to 0.816.
This 15% improvement in the scoring margin
is a big deal for learners. While correct speech
(score> 1.6) gets high marks in all models, our
new method is much better at catching mistakes.
By fixing the peaky issue in CTC, the ASR model
becomes more sensitive to the small acoustic errors
that learners make. This makes the final scores
more reliable and easier for a teacher to trust.

4 Discussion and Conclusion

Our results show that standard CTC’s "blank" dom-
inance and peaky behavior are major barriers to
stable pronunciation scoring. We demonstrate that
context-aware CTC, which combines peaky mit-
igation and OCD targets, overcomes these limits.
Our WavLM(DP)(39) series with LP or EnCTC has



Buckeye / TIMIT dev / TIMIT test
W-TSE| W-ACC@251 ‘ W-ACC@5071

TDNN-F(Kaldi) ‘ 9.3/6.2/6.3 29.3/27.4/28.3 ‘ 72.1/74.2/72.8
WavLM(39)(CTC™) ‘ 9.0/7.9/7.8 21.3/19.9/22.1 ‘55.7/51.9/52.8

ASR Models

WavLM (DWFST-CTC)

- 10.7/9.7/9.7  12.7/10.5/10.8 | 44.2/37.3/39.7
(LP) 7.3/6.5/6.6  38.9/37.4/33.7 | 69.8/61.8/60.0
(EnCTC) 10.7/9.7/9.7  12.7/11.1/11.0 | 43.9/37.3/39.8
(LP+EnCTC) 7.3/6.416.7  38.2/37.3/32.3 | 69.1/62.0/59.7
(39) 10.0/9.3/9.4  15.4/12.2/12.2 | 47.4/39.5/42.1
(39)(LP) 6.0/59/6.0  46.8/41.4/38.3 | 76.5/66.5/63.4
(39)(EnCTC) 9.9/9.1/9.0  16.5/13.0/14.0 | 48.4/41.4/43.2
(39)(LP+EnCTC) 5.9/5.6/5.8  47.7/43.2/40.1 | 77.2/67.4/65.7
(DP) 10.8/9.6/9.8  11.4/10.9/11.3 | 43.1/40.3/40.3
(DP)(LP) 7.9/7.717.9  29.6/24.6/22.4 | 63.9/54.7/54.8
(DP)(EnCTC) 10.9/9.7/9.8  11.3/10.8/11.2 | 42.9/40.0/39.9
(DP)(LP+EnCTC) 11.0/10.2/103  11.1/7.7/7.0 | 41.6/34.2/35.4
(DP)(39) 10.4/9.6/9.7  13.0/11.0/11.6 | 45.3/40.1/41.0
(DP)(39)(LP) 10.5/9.7/9.8  12.1/10.2/10.2 | 44.6/40.1/41.1
(DP)(39)(EnCTC) 10.4/9.6/9.7  13.0/11.0/11.6 | 45.3/40.2/41.0
(DP)(39)(LP+EnCTC) | 10.6/9.8/10.0  12.7/9.0/9.0 | 44.2/36.7/37.5

Table 4: A simplified result shows the TSE and ACC
on Buckeye corpus, TIMIT dev and test datasets, which
only select the word level (W-) and the tolerance at 25ms
(@25) and 50ms (@50).

now surpassed TDNN-F baseline. For APA, this
soft and context-sensitive posterior provides a rich
feature that captures the small acoustic details of a
learner’s mistakes.

In conclusion, the context-aware CTC frame-
work fixes standard CTC’s flaws for pronunciation
tasks. We increased the scoring margin by 15%
over the baseline. These findings prove that tem-
porally dense and context-sensitive posteriors are
essential for building reliable APA systems that
provide stable, helpful feedback to learners.

5 Related Works

5.1 APA

APA systems evaluate second-language (L2)
speech by providing fine-grained feedback across
phoneme, word, and utterance levels (Gong et al.,
2022; Yan et al., 2025). Most modern frameworks
follow a two-stage pipeline: extracting segmental-
level features and predicting scores through either
unified (Gong et al., 2022; Chao et al., 2022) or
hierarchical (Yan et al., 2025; Chao et al., 2023;
Do et al., 2023) neural architectures. While unified
models assess all granularities in a single decision,
hierarchical models aggregate information from
phoneme-level features up to the utterance level.
A fundamental building block in these models is
the GOP feature, which measures the acoustic devi-
ation between learner speech and native references
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(Gong et al., 2022). While early systems relied on
traditional ASR-derived GOP, current state-of-the-
art models increasingly leverage self-supervised
learning (SSL) backends, such as Wav2vec 2.0
(Baevski et al., 2020), HuBERT (Hsu et al., 2021),
and WavLM (Chen et al., 2022)—to extract robust
contextual representations. These SSL. models cap-
ture complex phonological patterns, significantly
enhancing phoneme-level precision. In this work,
we evaluate our proposed context-aware CTC-GOP
features using both a unified architecture, GOPT
(Gong et al., 2022), and a hierarchical model, Hi-
erCB (Yan et al., 2025).

Limitations

While the proposed method shows promise, sev-
eral limitations remain. First, our evaluation is re-
stricted to English as the target language with Man-
darin L1 speakers. The efficacy of this approach for
other language pairs and diverse L1 backgrounds
requires further investigation.

Second, the transition from monophones to di-
phone units introduces a significant increase in the
output layer dimensionality—from 39 to 39? possi-
ble combinations. This expansion increases com-
putational overhead and may lead to data sparsity
issues, as certain diphone transitions occur infre-
quently in training corpora.

Finally, our methodology is specifically designed
to address the architectural constraints of CTC.
Consequently, the adopted diphone-based context
modeling may not be directly applicable or benefi-
cial to non-CTC-based ASR frameworks, such as
Transducer models.

Enthical Impact

We utilize publicly available and anonymized
datasets (Librispeech, TIMIT, Buckeye, and spee-
chocean762) for model training and evaluation.
Our methodology focuses on improving speech
technology for educational purposes and does not
involve human subjects or the collection of private
data. All authors comply with the ACL Code of
Ethics and the relevant code of conduct for this
venue.
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A CTC-GOP implementation
A.1 Phone Inventory Reduction

When the acoustic model operates over a context-
dependent phone set (e.g., with stress markers such
as AAQ, AA1, AA2), the log-probability matrix must
be reduced to a pure-phone inventory before GOP
computation. This mirrors the ComputelLpps() pro-
cedure in the speechocean762 official implementa-
tion > (Zhang et al., 2021) .

Given a log-probability matrix M € RT*C,
where 7' is the number of frames and C' is the
full phone inventory size, and a surjective map-
ping ¢ : {0,...,C—-1} — {0,...,K—1} from
tokens to pure phones, we compute the reduced
log-probability matrix M e RT*K as:

M;k = log Z exp(My ;)
Jio(j)=k
To ensure numerical stability, we apply the
grouped log-sum-exp (log-space marginalization)
trick. For each frame ¢ and pure phone k, let
My g = MaX;. o()=k M; ;. Then:

M;k, = my +log Z exp (Mt7j—mt7k) (13)
J:e(G)=k
If no token maps to a particular pure phone k at
frame ¢ (i.e., the set {j : ¢(j) = k} is empty), we
define Mt/ = —oo. This reduction is implemented
efﬁcienﬂ}; using scatter_reduce with the amax
operator for computing my j, and scatter_add_
for the shifted exponential summation, avoiding
explicit loops over the vocabulary.

(12)

2ht’cps: //github.com/kaldi-asr/kaldi/blob/
master/src/bin/compute-gop.cc
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A.2  GOP Feature Computation

Let Y. = (s1,82,...,5n) denote the canonical
phone sequence for a given utterance, where N is
the number of phones. We define the LPP of the
canonical sequence as:

Ipp = —Lcre(X, Ye) (14)
where Lcrc denotes the CTC loss (i.e., the nega-
tive log-likelihood under the CTC formulation). It
is notable that the input posterior to the CTC loss
could select log posterior rather than pure prob-
ability one (Cao et al., 2026) to avoid numerical
underflow errors when multiplying probabilities
over longer speech segments.

For each phone position i € {1,...,N}, we
construct a set of hypothesis sequences through
two operations:

* Deletion: Remove the phone at
position i,  yielding Y.
(817 sy Si—1,Si41, - -0 SN)-

* Substitution: Replace the phone at position
i with every phone g € {1,..., K—1}, yield-
il’lg Y((;l’q) = (31, ey Si—1545 Si415 - -+ SN).
This produces N x K hypothesis sequences in

total (one deletion and K —1 substitutions per posi-

tion). All hypothesis sequences are batched into a

single padded tensor and evaluated simultaneously

via PyTorch(Paszke et al., 2019)’s F.ctc_loss
with reduction="none’, enabling efficient GPU-
parallel computation.

The LPR for position 7 and hypothesis ¢ is de-
fined as:

LPR;, = Lore(X,s®9) —lpp  (15)

This quantity measures how much less likely the
modified sequence is compared to the canonical
pronunciation. A positive LPR for the substitution
with the canonical phone at position ¢ indicates
correct pronunciation; values near zero or negative
suggest mispronunciation.

A.3 Feature Representation

For each phone position ¢, the extracted feature
vector is:

fi = [¢(si), lpp, LPRqp,

(16)
LPR, 1, ..., LPR;x 1]
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where ¢(s;) is the pure phone identity and LPR; o
corresponds to the deletion hypothesis. The result-
ing feature matrix F € RN*(K+2) ig stored per
utterance for downstream mispronunciation detec-
tion or scoring.

A4 CTC Forward Algorithm

For reference, the CTC forward log-probability is
computed via the standard dynamic programming
recursion. Let s’ = (0,s1,0,s2,0,...,0,sn,0)
be the blank-augmented label sequence of length
L = 2N + 1. The forward variable oy ; represents
the log-probability of emitting the partial sequence
s, over frames 1 through ¢:
aye = log p(siy, Xi:t) (17
Let U(t —1,L£) = log > ;i exp(ay ¢—1). The
recursion proceeds as:

if lmod 2 =0

U(t—1,B(1)) +logp(s|2) | 1),
otherwise

apr =

where A(l) = {l, [—1} for blank positions, and
B(l) = {l, -1} when 5;/5| = 5;/2)—1 (repeated
label), or {l, [—1, [—2} otherwise. The total se-
quence log-probability is obtained as:

logp(s | X) = logabddexp(ozL’T7 ozL,LT) (18)

A.5 Implementation Details

The pipeline operates as follows: (a) a pre-trained
CTC acoustic model produces frame-level log-
probabilities from audio; (b) canonical phone se-
quences are derived either from a lexicon-based
word-to-phone expansion or from an explicit
phoneme-level transcript; (c) GOP features are
computed per utterance and saved as NumPy arrays.
The batched CTC evaluation avoids the O(N x K)
sequential forward passes that would be required
by a naive implementation, yielding substantial
speedup on GPU hardware.

B ASR and APA models training
configures

In this work, we conduct experiments to train the
ASR models on the Librispeech (Panayotov et al.,
2015) corpus, a 960-hour training set. We utilize
torchaudio.bundle to implement the backbone,



selecting WAVLM_LARGE as its initialized model pa-
rameters >. For some control groups, such as
WavLM(39) and WavLM(DP)(39), they are based
on WavLM and WavLM(DP), respectively, and fur-
ther finetuned on the train-clean 100 hours training
subset. In detail, we freeze all the WavLM encoder
layers, and finetune only the output layers. For
the DP ones, the output layer was designed with a
single feedforward layer following two CD embed-
ding layers (Chorowski et al., 2019) #. The feature
extractor component of the WavLM model remains
unchanged. Our models use phonemes as the mod-
eling units. For the standard CTC, we adopt the im-
plementation of Cao et al. (2024) 3, but change the
backbone SSL model from wav2vec2.0 to WavLM.
For the ASR model optimization, we employ the
AdamW (Loshchilov and Hutter, 2019) optimizer,
with a learning rate initialized from 10~%.

Throughout our experimental setup, we utilize
Zhao and Bell (2024) ® project to conduct ASR
experiments, in which Kaldi (Povey et al., 2011)
for data preparation and PyTorch (Paszke et al.,
2019) for neural network training, with k2-fsa ’
serving as the backend for the DWFST framework.
The computation of CTC-GOP features follows the
idea in Cao et al. (2024) but is further optimized
for its stability and the running speed.

For the comparative methods, LP and EnCTC,
we adopt the implementations ® °, adjusting them
to fit in the implementation of computing loss in
the k2-fsa (Yao et al., 2024) 10 framework. For
LP, we change to a smart strategy, accumulating its
label prior to each mini-batch to achieve a gradual
adjustment. The a for the label prior weight is set
to 0.2, while the b for the conditional maximum
entropy weight is set to 0.1.

For GOPT and HierCB models training, we
adhere to the hyperparameters from Gong et al.
(2022); Yan et al. (2025) for training of our APA
model. To quantify epistemic uncertainty, we train

3https://docs.pytorch.org/audio/stable/
generated/torchaudio.pipelines.WAVLM_LARGE.html
*https://github.com/chorowski-lab/pytorch-asr/
blob/master/att_speech/modules/decoders/
advanced_decoder. py
Shttps://github.com/frank613/CTC-based-GOP
6https://github.com/ZhaoZeyu1995/BenNevis
"https://github.com/k2-fsa/k2
8https://github.com/huangruizhe/audio/blob/
aligner_label_priors/examples/asr/librispeech_
alignment/loss.py
9https://github.com/liuhu—bigeye/enctc.crnn/
blob/master/pytorch_ctc/ctc_ent.py
Ohttps://github.com/k2-fsa/k2

with five different random seeds.
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