Subphonetic Acoustic Modeling via Optimal
Transport for Pronunciation Assessment

Double Blind Review

Abstract—Pronunciation assessment requires acoustic evidence
that is temporally precise, diagnostically meaningful, and faithful
to the learner’s actual production. However, existing acoustic
models often struggle to provide recognition and segmenta-
tion evidence simultaneously. CTC-based phone recognizers can
predict phone sequences flexibly, but their sparse and peaky
posteriors often miss phone boundaries and fine-grained pronun-
ciation cues. In contrast, text-dependent forced aligners provide
reliable temporal information when transcripts are available,
but are not directly applicable to reference-free pronunciation
analysis. In this work, we propose a topology-aware frame-
wise acoustic model that learns dense ordered state posteriors
within each phone. The key idea is to recover phone-internal
state structure in a neural acoustic model by combining ordered
subphonetic states with optimal temporal transport classification
(OTTC). This combination encourages dense monotonic frame-
level state discrimination while preserving phone recognition
ability. Experiments on read, spontaneous, and L2 speech show
improved segmentation over neural baselines with competitive
recognition performance. Downstream evaluations further show
gains in mispronunciation detection and automatic pronunciation
assessment. Probing analysis suggests that the learned states cap-
ture phoneme-dependent acoustic structure rather than arbitrary
frame-level distributions

Index Terms—pronunciation assessment, forced alignment,
phone segmentation, acoustic modeling, connectionist temporal
classification, optimal transport

I. INTRODUCTION

Pronunciation assessment (PA) aims to provide learners
with fine-grained feedback on how their speech deviates
from target-language production [1]]. This requires an acoustic
model to answer not only which phone was produced, but also
where it was realized and how its internal acoustic trajectory
departs from the target. Such temporally precise and phone-
internal evidence supports goodness-of-pronunciation (GOP)
scoring [2[], mispronunciation detection and diagnosis (MDD)
[3]], [4], and automatic pronunciation assessment (APA) [5],
[6], which are crucial for computer aided pronunciation train-
ing (CAPT) tasks.

This requirement exposes a tension between recognition
and segmentation. Forced alignment (FA) models can produce
reliable phone boundaries when a transcript is provided [7]]—
[9, but they do not provide reliable phone hypotheses in
reference-free settings. In contrast, neural phone recognition
(PR) models can predict phone sequences without a fixed
transcript, but often discard fine-grained temporal dynamics
and phone boundaries.

Connectionist temporal classification (CTC) based PR is a
representative example of this trade-off [[10]]. By marginalizing
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over possible frame-to-label alignments, CTC enables phone-
sequence prediction without explicit frame-level supervision
[10]. However, although effective under general PR tasks,
CTC has been reported to be suboptimal in pronunciation-
assessment-related tasks such as MDD [11]], [12]]. This is
because subphonetic cues, which often reveal non-canonical
pronunciation patterns, are largely neglected by the CTC
criterion. Moreover, the blank-dominated and peaky posteriors
of CTC [13]-[15] make it difficult to predict precise phone
boundaries as well.

To address these problems, we introduce a topology-aware
frame-wise acoustic model trained with optimal temporal
transport classification (OTTC) [16]]. The model expands each
phone into ordered subphonetic states and learns dense mono-
tonic frame-to-state assignments, bringing HMM-style phone-
internal topology into neural pronunciation modeling. Rather
than optimizing PR accuracy alone, the model is also designed
to provide temporally dense acoustic evidence for PA. The
main contributions are as follows:

o We propose a topology-aware frame-wise acoustic model
that introduces temporally ordered subphonetic states for
PA.

e We combine the proposed topology with OTTC to obtain
dense monotonic alignments while retaining competitive
PR performance.

o« We evaluate the model on read speech, spontaneous
speech, and L2 speech, covering both text-dependent
forced alignment (TDFA) and text-independent (TI) seg-
mentation/recognition.

o We further validate the learned acoustic evidence on L2
PA tasks, and analyze how the learned topology states
represent phoneme-dependent characteristics.

II. RESEARCH BACKGROUND

In this section, we revisit conventional forced alignment
methods and neural phonetic aligners, and then explain the
motivation behind the proposed framework.

A. Recognition—segmentation Trade-off

As discussed in Sec. [l current acoustic modeling ap-
proaches often struggle to provide precise temporal localiza-
tion and flexible phone recognition at the same time. For
example, classical forced alignment systems based on hidden
Markov models (HMMs) recover a dense monotonic frame-
to-phone path from a given transcript and can provide stable
phone boundaries [[7]-[9]]. Their strength comes from using the
reference sequence as a strong constraint, where each frame
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Fig. 1: Illustration of proposed subphonetic model.

is assigned to a corresponding HMM state. This constraint
supports accurate boundary estimation, but also makes decod-
ing less flexible in reference-free settings. In contrast, CTC-
based phone recognizers can infer phone sequences under
weaker constraints, but their repeat-and-collapse objective en-
courages sparse non-blank emissions, making them unreliable
for boundary estimation [[13]. Several CTC variants have
attempted to mitigate this limitation. For example, Huang et
al. introduced label priors to dynamically suppress blank prob-
abilities [17]]. However, their improvements in segmentation
accuracy remain limited.

Recent neural-network-based alignment models attempt to
move beyond this trade-off by recovering better alignment
behavior while retaining recognition ability. Charsiu [[18]] is
a representative example: it uses self-supervised speech repre-
sentations (SSL), forward-sum loss [19]], curriculum learning,
and frame-wise cross-entropy supervision to improve phone-
to-audio alignment [[18]]. This line of work shows that neural
acoustic models can balance recognition and segmentation
more effectively. Meanwhile, as neural networks already pro-
vide better phone-level recognition performance, less atten-
tion has been paid to modeling acoustic structure below the
phoneme level.

B. Subphonetic Acoustic Modeling

Another reason HMM-based models remain effective for
segmentation is their use of multiple ordered states for each
acoustic unit. In HMM-based ASR, a phone is commonly
represented by several left-to-right (LTR) Markov states, often
using a three-state topology. This structure allows the model
to represent coarse phone-internal structures such as onset,
steady-state, and offset regions [[7], [8], [20]. Fenone [21]] and
Senone [22]] further refined this idea by clustering context-
dependent subphonetic states for recognition.

From this perspective, standard CTC can be viewed as
a much simpler HMM, where each phone is modeled as a
single label state together with the blank token. Recent CTC-
topology studies also restore richer state graphs to suppress the
blank ratio and improve alignment behavior [23]], [24]. Thus,
introducing subphonetic states is not a new concept. Rather, we
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Fig. 2: Tllustration of subphonetic topologies.

revisit ordered subphonetic topology as a way to provide dense
and diagnostic acoustic evidence for PA. To better exploit the
advantages of subphonetic modeling, we introduce a topology-
aware OTTC formulation in the next section.

ITII. TOPOLOGY-AWARE SUBPHONETIC MODELING VIA
OPTIMAL TEMPORAL TRANSPORT CLASSIFICATION

In this section, we explain standard CTC and extend it to
ordered multi-state subphonetic topologies. We then analyze
why topology alone remains insufficient under a sparse CTC
criterion, and introduce OTTC as monotonic frame-level train-
ing for learning ordered subphonetic states.

A. CTC and Subphonetic Topology

Given an acoustic frame sequence X = {x;}", and a
monophone target sequence Y = (y1,...,¥Ym), CTC opti-
mizes the marginal probability over all possible frame-level

paths that collapse to Y:
> Hp ™ | @) )
TeB-1(Y)i=1

Lcre = —log

where B~1(Y) denotes the set of all paths that collapse to Y.

Recent work has also explored CTC-based architectures by
changing the topology of the output units [23], [24]. Following
the topology notation in [23] and the illustration in Fig. [
we denote the topology of an acoustic unit as SxTy. Sx
denotes the number of ordered states used to represent the
unit, while Ty specifies the minimum number of states that any
valid traversal must consume. The x symbols add self-loops
to selected states, allowing those states to occupy additional
consecutive frames without changing the minimum traversal
length. In this view, SIT1 corresponds to standard one-state
CTC phone modeling, and S3T24x means that each phone
can be represented by three ordered states with a minimum
two-state traversal during decoding. Let P denote the phone
inventory. For each phone y € P, a topology expansion
function maps it into ordered subphonetic states:

T(y) = (y(”,y@), - 7y(Ky>> : )

where K, is determined by the chosen topology. The mono-
phone sequence Y is then expanded into a subphonetic state
sequence:

Z=7Y)=7(y1) ©7(y2) ® - & 7(Ym), 3)

where @ denotes sequence concatenation.
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Fig. 3: Comparison of frame-level probability distributions
across training criteria and topologies. Different topology
states are shown in different colors. CTC produces sparse
spikes, while OTTC produces a dense and complete subpho-
netic trace.

B. Limitations of Topology under CTC Training

Although topology states provide a richer label space, they
do not by themselves guarantee reliable state transitions.
Multi-state CTC topologies can reduce the blank ratio, but
neighboring topology states may still collapse in practice [24].
As illustrated in Fig. 3] even when a phone is expanded
into S3 states, its posterior may cover only part of the
ordered state sequence. Thus, although topology specifies the
possible LTR state order, the CTC objective can still satisfy
sequence prediction without assigning dense evidence to every
state. This makes the resulting posteriors still unreliable for
boundary estimation and fine-grained pronunciation analysis.

C. OTTC as Dense Monotonic State Transport

To address this limitation, we introduce OTTC [16]]. OTTC
formulates alignment as a one-dimensional mass transport
problem. Instead of marginalizing over sparse CTC paths, it
transports frame-level source mass to the expanded topology-
state sequence Z and optimizes the posterior under this dense
monotonic transport plan. This encourages the ordered states
to receive frame-wise acoustic evidence rather than only
isolated recognition peaks. Let Z = (z1,...,25) denote
the expanded subphonetic state sequence derived from Y.
The frame weights o € A" are predicted from the acoustic
sequence by a neural network W:

a[X, W] = softmax(W (z1),...,W(z,)) ", “)

and the target weights 3 € AM are typically fixed as a uniform
distribution over target labels. The alignment plan v(c«, 3) is
obtained by solving

n M
DD g lli—lls, (5)

i=1j=1

v(a, B) = arg Jin

TABLE I: Datasets for training, validation, and evaluation.
Spk. Phone Time.

Use | Dataset Split Dur. Utt.

Train/Val.‘LibriSpeech [26] Train+Dev 971.6h 286.8k 2411 MFA—base(E'

TIMIT [27] Dev/Test  0.50h 400/192 50/24  Expert

Eval Buckeye [28] Tr/Dev/Test 18.51h 7946 40 Expert

’ L2-ARCTIC [29] Test 3.66h 900 6 Expert
S0762 [30] Test 5.58h 2500 125 -

where I'y g = {7 € RiXM |y =a,7"1, = ﬁ} denotes
valid couplings preserving the marginal distributions. Based
on the sequence optimal transport distance framework [16],
the OTTC loss becomes:

n M
Lorre ==Y Y (e, B) - logp(z; | z:), (6)

i=1 j=1

where p(z; | ;) is the posterior probability of the j-th
topology state. As shown in Fig. [3] this transport process
assigns probability mass to all topological states and produces
a more complete subphonetic trace.

D. Topology-aware Decoding

At inference time, the topology is applied as a finite-state
decoding constraint:

n
§ = arg max leogp (5 29) )
<

Z = collapse_ (), Y = k. (Z).

where A, is the set of valid frame-level state paths under the
chosen topology. The decoded path is first collapsed into a
subphonetic-state sequence Z, and k+(-) then maps this valid
topology-state sequence back to phone labels. This distinction
is important: an isolated substate is not sufficient to emit a
phone. The decoded path must follow the state-transition rules
illustrated in Fig. [2]

In TDFA, the reference monophone sequence Y is expanded
into a topology-constrained graph, and a finite-state alignetﬂ
recovers the best path from the posteriors [25]]. In the TI
setting, no reference graph is supplied; we decode under the
topology constraints and collapse only valid paths back to
phone labels and boundaries.

IV. EXPERIMENTAL EVALUATION

We evaluate the proposed acoustic model from three per-
spectives: segmentation accuracy, acoustic fidelity, and down-
stream PA performance.

A. Datasets and Experimental Setup

1) Datasets: As summarized in Tablem, LibriSpeech [26] is
the only corpus used for training the proposed acoustic models.
Specifically, TIMIT [27]], Buckeye [28]], and L2-ARCTIC [29]
provide human-annotated phone-level timestamps for segmen-
tation and forced alignment evaluation, while speechocean762
(SO762) [30] is used for pronunciation-related evaluation. All
phone labels are mapped to a 39-phone CMUdict inventory.

2Implemented with K2-FSA: https:/github.com/k2-fsa/k2,
3Source: https://huggingface.co/datasets/gilkeyio/librispeech-alignments,


https://github.com/k2-fsa/k2
https://huggingface.co/datasets/gilkeyio/librispeech-alignments

TABLE II: Baselines and proposed acoustic model’s segmentation and recognition performance. Cano. and Perc. denote the
canonical and perceived phone labels used in L2 corpora, respectively.

Segmentation

Recognition / MDD

Model Text-dependent FA Text-independent PER| MDD F17
TIMIT Dev TIMIT Test R-value?t | TIMIT Buckeye L2-ARCTIC  SO762 L2-ARCTIC SO762
TSE| R-valuet TSE| R-valuet TIMIT Test Buckeye L2-ARCTIC| Dev. Test Cano. Perc. Cano. Perc.
Kaldi TDNN-F [31] 4539 63.59 4541 63.53 - - - - - - - - - - - -
ZIPAT [32] 79.21 55.16 7893 56.51 - 53.71 53.72 23.32 26.42 32.62 12.03 19.79 44.47 44.11 0.377 0.147
Charsiu FC-20ms [18] 40.72 76.55 40.36 76.38 76.28 70.02 75.99 22.04 24.17 31.83 14.68 21.73 43.93 43.49 0.431 0.188
Charsiu FC-10ms [I8] 4247 75.03 42.59 74.46 74.73 68.53 74.30 23.33 2636 35.13 15.77 23.18 47.40 47.19 0.430 0.204
Ours—20ms 38.01 7635 3740 76.46 74.87 73.82 78.28 20.79 23.20 29.74 12.40 20.53 39.77 39.41 0.424 0.240
Ours—10ms 36.37 7793 38.12 78.16 75.38 74.09 78.94 23.89 26.89 36.53 20.81 27.96 64.76 64.74 0.486 0.236
MFA 3.0 [33] 30.73 87.83 3195 8744 - - - | - - - - - - - - -

fZIPA originally uses a 127-symbol IPA inventory. For a fair comparison, we decoded IPA sequences and mapped them to the 39-symbol ARPAbet inventory used in this study.

TABLE III: Ablation on L2-ARCTIC. All models were trained from scratch on the L2-ARCTIC training set, following common
practice for MDD. Notably, the CTC conditioning head in Fig. E] was not applied in this ablation.

(A) Effect of training criterion at 20 ms.

(B) Topology effect at different frame resolutions.

- TD FA TI seg.  Recog. / MDD 20 ms | 10 ms
Objective Topology Topology
FIt TSE| R-valt PER| MDD Flt TSE] R-valuet PER| MDD | TSE| R-valuet PER| MDD?
CTC SITI1 32.73 8290 42.58 18.19 0.562 SIT1 46.65 63.31 18.44 0.604 | 48.09  66.46 19.87 0.632
CTC S3T2xx  38.61 78.14 47.60 16.68 0.589 S2T1 39.99  68.38 1879 0.618 | 4149 69.72 20.89 0.641
LPCTC [17] SIT1 49.22 69.32 56.65 18.07 0.610 S2T1% 39.53 68.72 1891 0.623 | 4242 69.55 20.59 0.644
OTTC S1TI1 57.02 46.65 63.31 18.44 0.604 S3T2 4094  67.77 19.27 0.617 |39.78 71.17 22.18 0.651
OTTC S3T2%x 6291 40.64 6834 1924  0.619 S3T2» 4072 6840  19.00 0.616 |39.59 7121 2143 0.644
S3T2xx  40.64  68.34 19.24 0.619 | 39.25 7149 21.14 0.645
2) Model Design: As shown in Fig. |1} the proposed model
consists of a trainable SSL encoder followed by two prediction 1 &
TSE = — > (|8 — si| +|é; — ei]) (10)
heads. The CTC head learns the monophone sequence Y, N 4 -
1=

while the SP head learns the expanded subphonetic-state
sequence Z with OTTC. Specifically, we use the CTC posterior
to condition the SP head through FiLM-style linear modulation
[34]. For each frame 4, let p$* denote the CTC posterior
and h}"” denote the hidden representation of the SP head. The
conditioned SP representation is computed as

hi? = (1+ g(p')) ® hi® + b(p§™e), ®)

where g(-) and b(-) are linear projections and ©® denotes
element-wise multiplication. The overall training objective
combines the CTC loss and the topology-aware OTTC loss:

L=Xcrc+ (1—XLorrec, )

where A = 0.5 in our setting.

3) Training Setup: We trained two frame-rate variants of
the proposed model. Ours—20ms uses the standard WavLM-
large [35]] with output resolution at 20 ms, while Ours—10ms
changes the final convolutional stride to obtain 10 ms frame-
level outputs. The encoder and both prediction heads are
trained jointly for up to 50 epochs with a batch size of 32
using only phone labels and the objective in Eq. (9)), followed
by 1000 steps of frame-wise CE supervision to stabilize
silence frames, as in Charsiu [[18]]. Each prediction head is
a two-layer MLP with hidden size 384 and ReLU activation.
Checkpoints are selected by LibriSpeech development PER.
Based on Sec. Ours—20ms uses S2T1, while Ours—10ms
uses S3T24x in the main experiments.

B. Evaluation Metrics

1) Segmentation Accuracy: For TDFA, we report time-
stamp error (TSE) [36]:

where (s;,e;) and (§;,€é;) denote the reference and predicted
start and end times of the ¢-th phone segment, respectively,
and N is the number of evaluated phone segments. For
TI segmentation, the predicted phone sequence may have a
different length. For these methods, we report the R-value by
treating segmentation as boundary detection over timestamp
sets following [37], [38]:

RSe
seg — |-Afl\6|’ seg — |M6|, OS = & -1
7| T Preg
—OS 4+ R — 1
Tl = \/(1 - RSEg)2 + OSQ’ 7'2 = \/§ £ 9
R-value =1 — m,
(1D

where boundary-matching tolerance ¢ is set to 20 ms.
2) Recognition and Diagnosis Accuracy: For phone recog-
nition, we report phone error rate (PER):

S+D+1

PER = N ,

where S, D, and I are phone substitutions, deletions, and

insertions, and N is the number of reference phones. On L2-

ARCTIC and SO762, we compute two types of PER: canonical

PER measures dictionary-derived recognition, while perceived

PER tests fidelity to the learner’s realized pronunciation be-

yond canonical bias. We also report MDD F1 following the
standard detection protocol [39]:

12)

b TR, TR
MPP T TR ¥ FR MPP T TR+ FA’ 13)
_ 2PyppRupp
Flyvpp =

Pypp + Rupp



where TR, FR, and FA denote true rejection (detected mis-
pronunciation), false rejection, and false acceptance in MDD,
respectively.

3) Pronunciation Assessment Performance: For APA, we
evaluate phone-level mean squared error (MSE) and Pearson
correlation coefficient (PCC) on SO762 following [5]. MSE
measures the prediction error of phone-level pronunciation
scores, while PCC reflects the agreement between predicted
scores and human annotations. Completeness at the utterance

level is omitted for compactness.
C. Segmentation and Recognition Performance

Table [[I| summarizes the main results for text-dependent
forced alignment (TDFA), text-independent (TI) segmenta-
tion/recognition, and mispronunciation detection.

For TDFA, MFA remains the strongest topline, consistent
with prior forced-alignment comparisons [40]. Among neural
non-MFA systems, the proposed models give the best overall
segmentation trade-off: Ours—10ms obtains the highest TD R-
values on both TIMIT splits and the best TI R-values on
Buckeye and L2-ARCTIC, while Ours—20ms gives the lowest
non-MFA TSE on TIMIT test.

The recognition and MDD results show that the segmen-
tation gain does not come from sacrificing phone-level evi-
dence. Ours—20ms obtains the lowest PER on TIMIT devi/test,
Buckeye, and both canonical/perceived SO762 labels, and
remains second-best on both L2-ARCTIC label sets after
ZIPA. Meanwhile, the proposed models achieve the best MDD
F1 on both L2-ARCTIC and SO762. Overall, these results sug-
gest that the proposed model improves temporal localization
while preserving robust acoustic evidence for recognition and
downstream pronunciation-related tasks.

D. Ablation Studies

To isolate the contribution of each component in Sec.
we trained the ablation models from scratch on L2-ARCTIC,
following common MDD practice.

1) Effect of Training Criterion: Table separates the
effects of topology and training criterion. Under CTC, the
richer S3T2*x topology gives only modest segmentation gains,
suggesting that topology alone does not ensure meaningful
phone-internal state traversal. The main improvement comes
from replacing CTC with OTTC under the same topology,
which improves TD F1 from 38.61 to 62.91, reduces TSE
from 78.14 ms to 40.64 ms, and raises TI R-value from
47.60 to 68.34. LPCTC [17] provides an additional CTC
variation as mentioned in Sec. but remains below OTTC
in segmentation. Although CTC+S3T2xx has the lowest PER,
OTTC achieves the best MDD F1, indicating better tempo-
ral localization without losing pronunciation-relevant acoustic
evidence.

2) Effect of Subphonetic Topologies: Table |lII{B| shows the
effect of subphonetic topology at different frame resolutions.
Segmentation. Finer frame resolution better supports sub-
phonetic state transitions. At 10 ms, increasing the topology
resolution yields a clear boundary gain, improving the R-
value by 5.03 points and reducing TSE by 8.84 ms compared

TABLE IV: Comparison with representative APA systems
GOPT [5]] and ConPCO [41]]. Indented rows denote controlled
variants that use the same scoring pipeline but replace either
the frame-level log posteriors or the phone-level timestamps.
Acc., Str., Flu., Pro., and Tot. denote accuracy, stress, fluency,
prosody, and total score, respectively.
Phone Word PCC Utt. PCC
MSE | PCC 1 Acc. 1 Str. T Tot. 1 Acc. T Flu. 1 Pro. 1 Tot.

Model

Kaldi TDNN-F [5 0.085 0.612 0.533 0.291 0.549 0.714 0.753 0.760 0.742
w/ Charsiu’s LogP  0.126  0.293 0.308 0.094 0.317 0.585 0.661 0.660 0.614
w/ Ours LogP 0.130  0.272  0.297 0.040 0.306 0.580 0.626 0.635 0.596
w/ Charsiu’s TS 0.124  0.300 0.306 0.189 0.312 0.517 0.596 0.583 0.536
w/ Ours TS 0.123  0.302 0.307 0.277 0.310 0.513 0.592 0.580 0.531

Charsiu TS&LogP 0.101 0.518 0.464 0.151 0.476 0.682 0.705 0.705 0.701

Ours TS&LogP 0.084 0.617 0.565 0.382 0.578 0.712 0.712 0.717 0.723

HierCB+ConPCO [41] 0.071 0.701 0.669 0.437 0.682 0.780 0.830 0.823 0.803
w/ Charsiu’s TS 0.083 0.635 0.589 0.221 0.602 0.785 0.835 0.831 0.812
w/ Ours TS 0.080 0.658 0.621 0.215 0.633 0.796 0.837 0.833 0.819

with the monophone topology. At 20 ms, the maximum gain
appears at S2, while S3 topologies do not provide significant
additional benefits. This suggests that 20 ms frames are often
too coarse to resolve three-state phone-internal transitions,
whereas 10 ms frames provide more temporal detail for longer
subphonetic modeling.

Recognition and MDD. Table also shows a trade-off
between recognition and diagnosis. PER is generally better at
20 ms, where the model makes fewer frame-level decisions
for sequence recognition. MDD follows the opposite trend:
the best 10 ms topology improves MDD F1 by an absolute
0.03 over the best 20 ms setting.

E. Downstream Task: Pronunciation Assessment Performance

We further examine whether improved acoustic evidence
and alignment benefit downstream APA. Table reports
the results on SO762 [30] using representative APA systems.
For the GOP-NN-based APA pipeline, i.e., GOPT [5] in our
setting, the input features depend on both frame-wise acoustic
confidence and phone-level segmentation accuracy [42]. To
disentangle posterior quality from alignment quality, we eval-
vate three GOPT-based settings: (i) Fixed FA, where Kaldi-
TDNN-F timestamps are fixed and LogP is varied across
acoustic models; (ii) Fixed LogP, where Kaldi-TDNN-F LogP
is fixed and timestamps are varied across aligners; and (iii)
Full model, where each acoustic model provides both LogP
and timestamps.

Replacing only one component generally hurts the GOPT
pipeline, suggesting that mismatched LogP and timestamp
sources disrupt GOP feature calibration. In the full setting,
however, our model outperforms Charsiu and the original
GOPT at the phone and word levels, achieving the best
phone-level MSE/PCC and improving word-level Stress PCC
to 0.382. This confirms that finer temporal granularity and
refined posterior modeling improve localized pronunciation
feedback. At the utterance level, the GOPT-based pipeline
still lags behind the Kaldi TDNN-F baseline. We attribute
this to the limited long-range information provided by GOP-
style LogP features, which mainly capture local phoneme-level
acoustic confidence but are less suited to modeling rhythm,
speaking rate, pauses, and prosodic fluency. This is consistent
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netic states

with prior work reporting a trade-off between local and global
pronunciation scoring [43]].

The HierCB+ConPCO [41] experiments examine the ef-
fect of segmentation accuracy when contextual features are
also modeled. Unlike the GOPT-based setting, which uses
only GOP-NN features, HierCB+ConPCO combines GOP-
NN features with segmented SSL representations. Here, GOP-
NN features provide local pronunciation evidence, while SSL
features add contextual and prosodic cues for holistic scoring.
As shown in Table [IV] the utterance-level gains obtained with
our timestamps suggest that more accurate boundaries help
the hierarchical scorer better exploit SSL representations for
modeling fluency, prosody, and overall pronunciation quality.

V. SUBPHONETIC ACOUSTIC MODELING AND
PHONEME-DEPENDENT CHARACTERISTICS

To demonstrate that the proposed SP states encode acoustic
structure rather than arbitrary frame-level partitions, we ana-
lyze the Ours—10ms model from two complementary perspec-
tives. First, we compute the S3 state occupancy for each phone
and then aggregate phones by manner group, with represen-
tative phones summarized in Fig. 5|{b). Fig. Slfa) shows that
vowels, fricatives, and liquids/glides have relatively balanced
state distributions, whereas stops/affricates and nasals behave
differently: stops/affricates place a 57% share on S2, while
nasals are dominated by SO. This suggests that the learned
topology is not a uniform three-way partition across phonemes,
but reflects manner-dependent acoustic structure.

Second, we use the CTC conditioning head shown in Fig. [T]
as a probe. Specifically, across five random seeds, we train the
CTC conditioning branch to a comparable recognition level
(LibriSpeech dev PER below 4.5%) and locate the frame with
the maximum non-blank CTC posterior within each reference
phone interval. The relative position is normalized to [0, 1],
where 0 and 1 denote the first and last frames of the phone
interval. As illustrated in Fig. [} this peak provides an acoustic
landmark for asking where the most discriminative evidence
falls inside the ordered S3 topology.
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(a) Articulation-Manner-level S3 occupancy and CTC peak centers.
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(b) Phones grouped by the manner of articulation.

Fig. 5: Subphonetic topology and CTC-probe analysis for
pronunciation modeling.

The CTC probe reveals a clear vowel-consonant contrast.
For vowels, the average CTC peak position occurs later
in the phone interval, around 0.62. In contrast, consonants
show earlier peak positions. Notably, stops/affricates have the
earliest peak center, around 0.19, which is consistent with
their strong onset or release cues; phones such as /b/ and
/k/ concentrate much of their discriminative evidence near
the beginning of the phone interval. These observations align
with previous research [44]], [45]] and acoustic phonetics [46]:
vowels are typically characterized by relatively stable central
steady-state regions, whereas consonants often rely on short
transient cues such as closure, release, or onset transitions.

The learned topology therefore does more than improve
metrics: it captures phoneme-dependent acoustic structure
below the phone level. This also suggests a possible diagnostic
use beyond the present experiments. For example, vowel
quality could be measured around nucleus-like central or later
states, while consonantal errors could be examined around
onset-, release-, or transition-related states, yielding a content-
aware GOP-like feature for PA.

VI. CONCLUSION AND FUTURE WORK

This paper presents a subphonetic acoustic modeling frame-
work that bridges HMM-inspired ordered state modeling and
end-to-end alignment learning through OTTC. Experiments
across read, spontaneous, and L2 speech demonstrate improve-
ments in forced alignment and text-independent segmentation
while maintaining competitive recognition performance, with
further gains in downstream APA. Ablation studies and prob-
ing show that the learned states capture meaningful phone-
internal acoustic structure. In future work, we will further
investigate how these subphonetic posteriors can be used for
more interpretable pronunciation measurements.
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