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ABSTRACT

We introduce M3(ﬂ a hierarchical, matrix-structured convolu-
tional framework for automatic pronunciation assessment (APA)
and phone-level mispronunciation detection (MDD). Heterogeneous
representations—GoP (LPP/LPR), canonical-phone embeddings,
self-supervised learned representations (HuBERT, Wav2Vec 2.0,
WavLM), and prosodic features—are reorganized into column-
aligned matrices and compressed by a self-designed CNN block
(Compact Convolutional Condenser) across feature extraction,
phone, word, and utterance levels. Multi-aspect attention is used to
correlate same-level aspects, and APA is jointly trained with an aux-
iliary phone classifier for MDD. In a GoP-only parity setting, M3C
outperforms GOPT and recent CNN-Based models on the spee-
chocean762 corpus, with the largest gains at word level (+19.4%
and +7.2% respectively); with all the features, our model also im-
proves state of the art at word level and MDD F1 (+15%). Ablation
studies confirm the importance of the proposed matrix structured
feature extraction and explicit triphone context, highlighting the
effectiveness of proximity-driven local modeling for competitive
APA.

Index Terms— computer-assisted pronunciation training, auto-
matic pronunciation assessment, mispronunciation detection, CNN

1. INTRODUCTION

Computer-Assisted Pronunciation Training (CAPT) provides second-
language (L2) learners with objective, fine-grained feedback, usually
under a reading-aloud paradigm, and typically integrates two com-
plementary components: (i) phone-level mispronunciation detection
and diagnosis (MDD) and (ii) automatic pronunciation assessment
(APA) that produces aspect-specific proficiency scores across mul-
tiple linguistic granularities. Recent APA systems have converged
on multi-aspect, multi-granularity formulations, evaluating different
aspects at the phone, word, and utterance levels within a unified
architecture [1} 2]].

A dominant design choice is to ground APA on Goodness-of-
Pronunciation (GoP) [3] cues extracted from DNN-HMM acoustic
models aligned to the prompted text. While effective for segmental
(phone-level) scoring, GoP alone is insufficient to robustly capture
suprasegmental phenomena (fluency, prosody, stress), motivating the
inclusion of prosodic statistics (duration, energy) and self-supervised
learning (SSL) representations [4)]. In parallel, joint modeling of
APA with MDD has gained traction because phone errors corre-
late with degradations in higher-level aspects; coupling the tasks can
yield more consistent diagnostic and scoring signals [5,6]. Beyond
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architectures and inputs, recent learning objectives explicitly pre-
serve phone-category distinctions and score ordinality to counteract
feature collapse under vanilla MSE losses [7]. These ingredients un-
derpin the strongest approaches on the benchmark speechocean762
corpus [8]], which offers multi-rater scores at phone, word, and utter-
ance levels and is a de facto testbed.

Despite these advances, most competitive systems converge in
the same direction: (i) rely on attention-based encoders (which are
good at modeling long-range dependencies but less effective at local
dependencies [9]); (ii) treat heterogeneous phone representations by
simple concatenation (blurring structured relationships among dif-
ferent representations); (iii) consider vowel and consonant phonemic
classes as equals (combining information of really different phone-
mic classes at GoP-based representations [10]); (iv) leave cross-
aspect interactions only at word and utterance level (which is not
appropriate due to the existing relationship between mispronuncia-
tions and phone scores [8]).

To address these limitations, we present a convolutional alterna-
tive based on matrix-structured inputs. Our key idea is to restruc-
ture heterogeneous phone representations into matrix inputs whose
columns are aligned in terms of meaning and whose rows encode
complementary “views”. This enables column-wise convolutions to
aggregate consistent multi-view evidence for each phone without re-
sorting to global self-attention. We also split GoP-based representa-
tions (LPP, LPR) and Canonical-phone embedding, into two feature
extraction pipelines, one for vowels and the other one for consonants.
Building on this feature extraction approach, we devise a hierarchi-
cal model by stacking a new convolutional module—which we called
Compact Convolutional Condenser (CCC)-at the phone, word,
and utterance levels, augmented then with multi-aspect attention (at
all three levels) and score-restrained attention pooling (only at utter-
ance level) in order to correlate the different aspects and predictions.
Finally, we jointly train APA with an auxiliary phone classifier for
MDD.

2. METHODOLOGY

We propose a multi-aspect, multi-granularity framework for APA
and MDD. The overall architecture is illustrated in Figure[I] Instead
of attention-based backbones, that are very common in the litera-
ture [1, 4} 16], we propose a novelty method that only uses a matrix-
structured as input and convolutional neural networks (CNNs) to
process them.

2.1. Dataset

We use the publicly available speechocean762 corpus [11]], a
read—aloud L2 English benchmark comprising 5,000 utterances from
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Fig. 1. Model architecture of the proposed M3C framework.

250 Mandarin L1 learners (official split: 2,500/2,500 train/test).
Each item is annotated by five expert raters at three levels with
multiple aspects: utterance (Accuracy, Completeness, Fluency,
Prosody, Total; 0-10), word (Accuracy, Stress, Total; 0-10), and
phone (Accuracy; 0-2). Following common practice, utterance
and word level scores are linearly rescaled to the phone scale [0-2]
for multi-task training. The corpus further includes phone-level
transcriptions for mispronunciation diagnosis built on a set that
comprises 39 phones from the CMU dictionary and 7 L2-specific
phones extended with <del> and <unk> to mark deletions and
unknown phone realizations.

2.2. Acoustic Input: Features Preparation

Input features are chosen following the common approach [11 14} |6].
For each pronounced phone, we extract GoP-like scores [1]] (LPP
and LPR) and, as in [4], we also extract three SSL features (Hu-
BERT [12], Wav2Vec2.0 [13] and WavLM [14]), along with simple

prosodic cues: phone duration (ms) and phone energy statistics (7
values).

The input to M3C is built as a matrix, where each row corre-
sponds with one view and each column refers to the same informa-
tion across views. This allows us to fully exploit the relationships
that these different constructions have with each other, something
that would not be possible with the techniques used in other works
that tend to concatenate all the representations [4} 16 [7]. In particular,
two different matrices were constructed based on the specific char-
acteristics of each set of representations: the first include LPP, LPR
and the unprojected canonical-phone embbeding (CAN) —extracted
using the same DNN-HMM acoustic model as [[1], while the second
matrix is made up of the different SSL features,

LPP HuBERT
M, = |LPR| e R*Y, M = [Wav2Vec 20| € R¥*"'
CAN WavLM

In both cases there is a positional relationship between the dif-
ferent representations that make up the two matrices. In the case of
the M,op, the different positions refer to the different kind of infor-
mation that relates the pronounced phone with each of the other pos-
sible phones. In the case of the Mg, although the features learned
by each model are not identical, shared pre-training objectives tend
to align representations at the layer/subspace level, yielding a stable
positional correspondence across the vectors [[15[16].

Before being fed into the model, M, is transformed into a
vowel or consonant specific matrix, using a fixed mapping. If the
pronounced phone is a vowel, then Mo, will only contain infor-
mation about the relationship between the pronounced vowel phone
and the different existing vowel phones (15 vowels in phone set).
Same process is applied if the phone is a consonant (24 consonants
in phone set).

M, [t5 5, Veow] if 7 is a vowel,

= )

M. [z, 5, Veon] if j is a consonant.

Jeop
gop[ ?

where, Mjgo denotes the original matrix representation, while Vyow
and V.on correspond to the index sets of vowel and consonant phones,
respectively.

Lastly, to prevent this information from being lost throughout
the process, in the fusion phase where we merge the different fi-
nal representations, a position is added to the embedding to indicate
whether the representation refers to a vowel or a consonant.

2.3. Compact Convolutional Condenser (CCC)

We use a compact convolutional compressor to translate short con-
text windows into compact representations throughout the different
hierarchy levels (phone, word, and utterance), and also at feature
extraction level. The objective of this block is to compress and con-
dense information column-wise, given the relationship described in
Section[2.21
Formally, for a single matrix input representation M € R #*W

having only one input channel, and being H the number of different
representations and W the representations width, we compute:

m = Conv2D g x1 (M) 3)
p = Dropout,,, (ReLU(LayerNorm(Flatten(m)))) (4)
h = Dropout,,;,(ReLU(LayerNorm(Wp + b))) 5)



Category | Model Phone Score Word Score (PCC) Utterance Score (PCC) MDD
MSE| PCCtT | Ace.? Stresst Totalt | Acc.f Comp.! Fluency? Prosody! Totalf | Prec. Rec.T F17
. . 0.085 0.612 | 0.533  0.291 0.549 | 0.714 0.155 0.753 0.760 0.742
Baseline | GOPT [T1] £0.001 £0.003 | £0.004 F£0030 £0.002 | £0.004 £0.039 +£0.008 £0.006  £0.005 - - -
. : 0.084 0.616 | 0.575 0320 0.591 | 0.730  0.276 0.749 0.751 0.754
HiPAMA [2] £0.001  £0.004 | £0.004 £0.021 £0.004 | £0.002 £0.177 £0.001 £0.002 £0.002 - - -
. 0.079  0.646 | 0.598 0334 0.614 | 0.732  0.318 0.769 0.767 0.756
Gradformer [[17] £0.001  £0.004 | £0.006 £0.013 £0.006 | £0.005 £0.139 £0.006 £0.004 +£0.003 - - -
CNN-Based : 0.080 0.646 | 0.621  0.386 0.635 | 0.737  0.488 0.770 0.770 0.760
Bfhaformer [18] 40.0001 £0.003 | £0.005 £0.024 £0.003 | £0.004 £0.136 +£0.004 £0.004 +0.003 - - -
. -1 0.081 0.639 | 0.585 0.269  0.600 127 0.277 0.766 0.762 7154
Attention-CNN [19] | £0.001 £0.004 | £0.005 £0.031 £0.005 | £0.003 £0.082 +£0.002 +£0.003  £0.008 - - -
0.074 .676 | 0.666 .29 0.676 .75 0.329 0.781 0.782 79 | 79.7% 789% 79.2%
M3C £0.001  +£0.008 | £0.014 £0033 £0.015 | £0011  £0.031 +£0.008 £0.008  £0.008 | £0001% +0.01% +0.001%
0.062 0.739 | 0.708 0.366 0.718 | 0.807  0.278 0.848 0.843 0.829 | 643% 63.4% 63.8%
HMAMBA [6] £0.000 +£0.000 | £0.000 £0.000 £0.000 | £0.000 =£0.000 +£0.000 £0.000  £0.000 | £00% +£0.0% +0.0%
SOTA 0066 0716 | 0710 0340 0.72L | 0.791 0268 0830 0832 0816 | 797% 782% 78.8%
M3C £0.001 £0.004 | £0.004 £0.028 £0.005 | £0.003 £0.065 £0.001 £0.001  £0.002 | £0008% +004% £ 0.005%
Table 1. Performance comparison of M3C with baseline, CNN-based, and state-of-the-art (SOTA) systems for APA and MDD. For fair

comparison, baseline and CNN-based models use only GoP features, while SOTA models additionally incorporate SSL and prosodic cues.
Best results within each feature group are highlighted in bold. Standard deviations are unavailable for HMAMBA [6], so all values are 0.

where W e R(C"W)Xd (¥ is the number of convolutional filters, and
d is the target dimensionality. This design captures local interactions
while preserving positional relations, as position n now contains a
condensed value for a concrete information.

2.4. Hierarchical Modeling Approach
2.4.1. Feature Extraction Level

Since we have three different representation levels (Mgop, Mss and
Prosodic features), first thing is to extract the most relevant informa-
tion of each representation to later fuse them all in a single tier. To
do that, three CCCs are used. First two will extract M,,, features,
one to be used if the uttered phone is a vowel and the other if it is a
consonant. The other one will process M.

cogvovels, (Mgop(j)) if 7 is a vowel,

hgop consonants (6)) e
CCC 3x1(Mgop) if j is a consonant.
(6)
hea¥ = CCC™351 (Mea?) M

After both feature extraction processes, we concatenate the out-
put of the CCCs with the Prosodic Features. As a final step, this new
representation is projected using and MLP Fusion Layer in order to
integrate the information of the three sources. As result, we obtained
a fused phone-level representation ()

2.4.2. Phone-Level

A local context is built around each phone by stacking the previ-
ous, current, and next phones (triphone window), applying padding
to the matrix when needed. Then, CCC with kernel size 3x1 op-
erates across these rows while preserving the positional semantics
described above.

Xj-1
MY = Pads| | x; ®)
Xj+1
hpna® = CCCP"™ 4,1 (Mpnn ) )

After that, an aspect-attention module is applied [2], which al-
lows to capture the existing correlation between the phone-score and
MDD aspects before prediction, since a relationship between this
two aspects exists [[11].

hgj) =W, h +b, re {scor@ mdd} (10)
agﬂ') — AspectAttn(h@, hij})) v (1D

Finally, two MLP heads are applied on top: (1) a regressor that
outputs the phone accuracy score, and (2) a 48-way classifier for
MDD.

2.4.3. Word-Level

Triphone representations belonging to the same word are stacked
and padded (if necessary) to 12 phones (rows) matrices. We stack
the different phones in 12-row matrices because 12 is the maximum
number of phones that a word has within the speechocean762 corpus
[L1]. Then, following the same structure as the one seen at phone-
level, CCC with kernel size 12x1 is applied to obtain compact word
representation. After that, three aspect-attention blocks followed by
three MLP layers are used to predict word aspects.

2.4.4. Utterance-Level

We stack word-level representation (per phone) across the utterance
and apply a CCC with kernel size 50x1 (50 is the maximum number
of phones that a sentence can have in speechocean762 Corpus). In
this case, we adopt score-restrained attention pooling [[20], such that
the predicted phone and word scores provide salience weights that
reweight utterance hidden states before the final regressors.

Pute = SRAPool(hutt, B, {wr}izl),

Then, the same approach as in the lower levels is followed to
predict utterance-level aspects.

(12)

2.5. Optimization

Our model is trained in a multi-task learning setup, combining in a
weighted manner the loss functions of APA and MDD.
L = Lapa + B LvpD

(B =0.03) (13)



Models Phone-level Score Word-level Score (PCC) Utterance-level Score (PCC) MDD
MSE| PCCt Acc.t  Stresst Totalt Acc.t Comp.T Fluency? Prosody! Totalf Prec.t  Rec.t F11
0.066 0.716 0.710 0.340 0.721 0.791  0.268 0.830 0.832 0816 79.7% 782%  78.8
M3C +£0.001  £0.004 £0004 £0.028 £0.005 +£0003 £0.065 +£0.001 £0.001  £0.002 £0008% 40.04% =+ 0.005%
. . 0.082 0.631 0.627 0.240 0.638 0.779  0.085 0.814 0.814 0.798  76.6% 5.5 75.8
w/o Matrix Feature Extraction £0.001  £0.008 £0.004 £0.020 £0.004 +£0.002 +£0.0i3 +£0.003 £0.003  £0.001 =£0008% +0.012% =+ 0.007%
. 0.121 0.611 0.635 0282 0.647 0.681 0.178 0.694 0.692 0.696  574% 562%  54.9%
w/o Triphones £0.015  £0071  F£0073 £0054 £0.071 £0.152 £0.095 +£0.197 £0.196  £0.169 £0278% £0.287% =£0.306%
. 0.069 0.702 0.711  0.320  0.722 0.790  0.300 0.835 0.836 0.815 80.3% 79.2 79.6 %
w/o Phone Aspect Attention £0.001  £0.005 £0.007 £0.027 £0.006 £0.004 £0.061 +0.003 +£0.003  £0.003 £0.000% 4£0.002% = 0.002%

Table 2. Ablation study of the proposed method on APA and MDD.

For the APA branch, we minimize Mean Squared Error (MSE) at
three granularities (phone, word and utterance). The APA losses are
computed by directly summing the averaged losses per granularity:

Lapa = L"phone + Acword + Lutterance- (14)

where Lutterance and Lwora are averaged utterance and word level
losses of five utterance-level labels and three word-level labels, re-
spectively; Lphone is the phone loss.

For the MDD branch, we optimize the cross-entropy over total
number of phones (Nppn):

Nphn
> CE(2, y;),
=1

Lypp = y; €4{1,...,48}. (15)

Nphn

3. EXPERIMENTS

3.1. Implementation Details

The proposed model uses a global hidden size of 30 and 32 convolu-
tional filters per CCC. The model was trained with Adam optimizer
(learning rate 1 x 10~2, batch size 2) for 50 epochs, using dropout
regularization. Evaluation was based on Pearson correlation coeffi-
cient (PCC) and mean squared error (MSE), averaged over five runs
with different random seeds.

3.2. Results

In Table[T] we compare our method with three model families: base-
line, CNN-based, and state-of-the-art. For parity with baseline and
CNN-based systems, which use only GoP inputs, we ablated SSL
and prosodic features from our model. Compared with the baseline
GOPT [1]l, our approach improves performance at all granularities,
with a +19.4% relative gain at the word level and a +12.3% overall
increase across aspects. Compared with recent CNN-based architec-
tures (often paired with attention), our method—to our knowledge,
the only one that uses convolutional layers exclusively as core pro-
cessing modules—achieves consistent gains: +7.2% (word), +6.1%
(phone), and +2.2% (utterance) mean relative improvements. Be-
cause prior baseline and CNN-based works did not include MDD,
we omit that aspect from this comparison. Relative to the current
state of the art, HMAMBA [6], which integrates a single convolu-
tional block at the word level, our approach yields an advantage at
exactly that level and further improves MDD with a +15% F1 in-
crease.

3.3. Ablation Studies

Table 2| summarizes the results of ablating three principal char-
acteristics of M3C: (i) matrix-structured feature extraction (we

concatenate all features, like mainly all works do), (ii) explicit
triphone context, and (iii) phone-level aspect attention. Remov-
ing matrix feature extraction consistently hurts performance (e.g.,
phone PCC 0.716—0.631; word-total PCC 0.721—0.638; MDD
F1 78.8—75.8), reinforcing the contribution of our feature ex-
traction pipeline. Eliminating triphone contexts yields the biggest
and more variable drop (phone MSE 0.066—0.121; word-level to-
tal PCC 0.721—0.647; utterance-level Total PCC 0.816—0.696;
MDD F1 78.8—54.9), underscoring the importance of a close lo-
cal phoneme context; the standard deviation increase by an order
of magnitude (phone PCC +0.004—+0.071; word-level total PCC
+0.005—+0.071; utterance-level Total +0.002—+0.169; MDD F1
+0.005—+0.306) revealing markedly unstable training and poorer
generalization without triphone context. Finally, ablating phone-
aspect attention yields minor changes: some drop at phone-level
(phone PCC 0.716—0.702), almost no changes at word and sen-
tence level, and a slight increase in performance for MDD which
is not enough to compensate the phone-level performance decay.
Overall, the performance gains are mainly attributable to matrix
structuring and explicit triphone modeling, which also propagate
benefits to word and utterance level scoring.

4. CONCLUSIONS

Our results demonstrate that organizing inputs in a matrix struc-
ture and employing the CCC as the principal processing block con-
sistently outperforms strong convolutional-based models, validating
both the new block and the overall modeling strategy. Our archi-
tecture enables more faithful modeling of local relationships; com-
bined with our empirical results, this highlights the importance of
locality in APA—often downplayed in attention-centric work. Local
context dominance is intuitive: pronunciation influences are primar-
ily proximity-driven (e.g., triphones or within-word phone interac-
tions). With a local yet incremental design, the model also accu-
mulates global dependencies, explaining the strong utterance-level
results.

Compared with the state of the art [6], the sizable MDD im-
provement stems from our feature-extraction pipeline and the ex-
plicit triphone representation (as can be seen in Table[2): the offset
of the preceding phone and the onset of the following one jointly
constrain the central phone, and their aggregation enhances detec-
tion. Finally, gains in Word Accuracy and Word Total arise from
constructing condensed, word-level triphone embeddings and jointly
aggregating the triphones within each word. This design naturally
encodes cross-word boundary cues (end of the previous word and
start of the next), which are highly informative at the word granular-

ity.
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