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Abstract

Automatic assessment of reading in children
who are learning to read is challenging due
to the lack of data and the high variability of
children’s speech. This work investigates the
improvement of Automatic Speech Recogni-
tion (ASR) models for the analysis of reading
decoding of isolated words in Brazilian Por-
tuguese. We propose a methodology based
on fine-tuning Wav2Vec2.0 models, with a
paradigm transformation from orthographic to
phonemic transcription. Using a novel corpus
of 5,400 audio word samples from children in
the 2nd and 3rd grades of Elementary School,
we compare pre-trained models in Portuguese
and multilingual. Results reveal that the phone-
mic approach, combined with fine-tuning strate-
gies, data augmentation, and adapted tokeniza-
tion, significantly reduces the Phoneme Error
Rate (PER). This overcomes the limitations of
commercial tools and validates the use of ASR
for the detailed diagnosis of decoding errors
and phonological acquisition.

1 Introduction

The ability to read is a fundamental skill for cog-
nitive and social development (Navas et al., 2009;
Andrade et al., 2019). In the early years of school-
ing, decoding ability, i.e., the ability to transform
graphemes into phonemes, is a key predictor of
future reading fluency. Educators and speech thera-
pists conduct a systematic assessment of this skill
through individual read-aloud lessons. During
these assessments, the specialist must listen care-
fully to the child, manually control the reading time,
and record specific decoding errors, such as substi-
tutions, omissions, or hesitations of phonemes, to
calculate metrics such as reading accuracy or words
correct per minute (WCPM). However, as this pro-
cess is highly individualized, open to subjective
interpretations, and takes a long time, it is diffi-
cult and not very scalable for regular monitoring in
large education systems.

Automatic Speech Recognition (ASR) is a poten-
tially promising solution. However, applying ASR
to children’s speech, particularly for Brazilian Por-
tuguese (BP), has faced serious challenges. First,
there is a lack of data: public datasets of children’s
speech are scarce (Sriram et al., 2022; Zhu et al.,
2022; Molenaar et al., 2023; Duan, 2023), which
limits supervised training. Second, the inadequacy
of adult models: models trained with adult speech
fail to handle the acoustic variability (higher funda-
mental frequency, distinct formants) and pronunci-
ation errors typical of children (Y1lmaz et al., 2014;
Johnson et al., 2023; Rodrigues et al., 2023). In
addition, commercial tools (e.g., Google, Amazon)
often operate as “black boxes,” providing ortho-
graphic transcriptions that mask subtle decoding
errors, missing essential information for pedagogi-
cal diagnosis.

This article focuses on the challenge of read-
ing isolated words. In contrast to reading narra-
tive texts, where the semantic context helps predict
the next word, reading isolated words assesses the
child’s competence in decoding without the support
of contextual elements.

It is our hypothesis that ASR models based on
purely phonemic transcription, adapted using fine-
tuning on specific data, are more accurate than or-
thographic models in representing the real situation
of children’s speech production.

The contributions of this work include:

1. The corpus curation and phonemic annotation
of isolated words spoken by children learning
to read;

2. A customized tokenization methodology to
handle complex phonemes from the SAMPA
standard in Wav2Vec2.0;

3. A three-phase training strategy with acoustic
data augmentation;

974

Proceedings of the 17th International Conference on Computational Processing of Portuguese (PROPOR 2026)
Vol. 1, pages 974-979
April 13-16, 2026 ©2026 Association for Computational Linguistics



4. A detailed analysis to demonstrate the advan-
tage of BP pre-trained models compared to
massive multilingual models for this task.

2 Related Work

Literature research indicates that end-to-end ASR
models, such as Wav2Vec2.0 (Baevski et al., 2020),
provide the state-of-the-art performance by learn-
ing acoustic representations from raw audio. Adap-
tation to child speech (Child ASR) in low-resource
languages, however, represents a challenge.

Children’s speech displays higher variability and
lower articulatory accuracy than adult speech. Stud-
ies such as (Rodrigues et al., 2023) and (Johnson
et al., 2023) explore the use of Wav2Vec2.0 for chil-
dren speech, but often focus on continuous speech
or use adult data to mitigate scarcity. (Yilmaz et al.,
2014) proposed phonetic confusion models to han-
dle mispronunciations, but recent approaches to
direct fine-tuning on phonemes for BP have been
little explored.

In contrast to approaches that aim only to opti-
mize the word error rate (WER), this work prior-
itizes the phoneme error rate (PER)!. In an edu-
cational context, knowing how the child made the
mistake (e.g., changing /v/ to /f/) is more valuable
than just knowing that the word is wrong.

3 Methodology
3.1 Children’s Speech Corpus

A specific corpus was created using recordings of
208 children in the 2nd and 3rd grades of elemen-
tary school. Data collection took place in the cities
of Belo Horizonte (MG) and Sao José dos Campos
(SP), covering the Southeastern Brazilian dialect.
The collection followed rigorous ethical protocols.
The reading source consisted of a list of 24 high-
frequency words developed for reading assessment
in Brazilian Portuguese (Licio et al., 2018) (e.g.,
farta, nublado, treze, enxuto, and famoso).

Preprocessing and Alignment: For the precise
extraction of each word, a forced alignment ap-
proach was employed using the Whisper model
(Radford et al., 2023) (large-v2), through the stable-
ts library (Jian, 2025). To ensure quality, a human
verification process was conducted on a data subset.

"Both WER and PER are calculated based on the Leven-
shtein distance (S + D + I)/N, where S, D, and I represent
the number of substitutions, deletions, and insertions, respec-
tively, and NV is the total number of words (for WER) or
phonemes (for PER) in the reference transcription.

Initially, the algorithm produced imprecise cuts, re-
sulting in phoneme loss. We iteratively adjusted the
padding parameters and repeated the validation un-
til the verified samples showed no clipping, ensur-
ing the integrity of the word boundaries. The final
corpus comprises 5,400 samples (approximately
2.1 hours).

Stratification: The dataset was split into train-
ing (60%), validation (20%), and testing (20%).
To ensure representation and prevent bias, double
stratification was applied based on:

1. Grade: Ensuring an equal proportion of 2nd
and 3rd grade students.

2. Score: Classification based on the child’s per-
centage of correct words, splitting the sample
into performance quartiles.

3.2 Phonemic Approach and Tokenization

To address the decoding analysis, we decided to
train the ASR model to predict phonemes instead
of graphemes. The orthographic transcriptions
(ground truth) were converted to phonemic repre-
sentations using the FalaBrasil project transcriptor
(Siravenha et al., 2008). Although IPA (Interna-
tional Phonetic Alphabet) is the standard for mul-
tilingual ASR, we opted for the SAMPA standard
to maintain direct compatibility with FalaBrasil,
which is currently the most robust G2P tool spe-
cialized for Brazilian Portuguese. Converting its
native output to IPA could introduce noise or map-
ping errors, so we prioritized the reliability of the
phoneme generation over universal notation.

The Vocabulary Challenge: There was a techni-
cal challenge in getting this approach to work with
Wav2Vec2.0. The default tokenizer in the trans-
formers library is based on single characters, but
the SAMPA standard represents some Portuguese
phonemes with multiple characters. For exam-
ple, the phoneme /a/ is represented as ‘a® and the
phoneme /[/ (x) as ‘tS‘. Using the standard tok-
enizer breaks ‘tS‘ into the tokens ‘t* and ‘S‘, result-
ing in an incorrect phonemic representation.

To overcome this issue, we implemented a cus-
tomized mapping (Table 1) where each multi-
character phoneme was converted to a unique Uni-
code token, ensuring one-to-one alignment be-
tween the output token and the acoustic target.
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Phoneme SAMPA New Token

It[1 (bye) tS ¢
/d3/ (day) dz S
/al (wool) a~ A
/¢ (well) e~ E
/of (hand)  w~ W

Table 1: Example of mapping multi-character SAMPA
phonemes to single tokens.

3.3 Experiment Setup

We explored two groups of pre-trained base models
to measure the impact of this research domain:

1. Expert in BP (Adult): CORAA (Casanova,
2022) and Grosman-XLS-R-1B (Grosman,
2022). The assumption is that prior exposure
to Portuguese phonetics would improve adap-
tation, even with adult speech.

2. Multilingual: XLSR-53 and XLS-R-
300M/1B (Babu et al., 2021). The hypothesis
is that vast linguistic diversity would bring
robustness to the variability of children’s
speech.

To provide context, it is important to note that
all of these selected base models were originally
trained for orthographic transcription (character to
word prediction). To adapt them to our task, we
discarded their original tokenizers and linear clas-
sification headers. During fine-tuning, we replaced
them with our custom phonemic tokenizer. The
purpose was to benefit from the robust acoustic-
linguistic representational space already learned by
these models, including the phonetic characteristics
of Portuguese in BP and to redirect the output to
predict phonemes as opposed to graphemes.

Training Configuration: Hyperparameters were
standardized across experiments based on prelim-
inary tests. We used the CTC loss function and
AdamW optimizer with a learning rate of 3e~°
(linear schedule, no warmup). Dropout was set to
0.1 (attention hidden) and 0.07 (encoder), with a
weight decay of 0.01. To prevent overfitting, early
stopping was applied with a patience of 20 epochs,
monitoring validation loss.

Phased Training Strategy: To evaluate the im-
pact of data augmentation (ablation study), we com-
pared models with and without the augmentation
pipeline. For the augmented models, we used a
three-phase protocol:

* Phase 1 (Initial Adaptation): 30 epochs us-
ing only real data. The objective of this phase
is to allow the pre-trained base model to ini-
tially adapt to the primary acoustic and lin-
guistic characteristics of the children’s speech
corpus.

* Phase 2 (Generalization): 30 epochs train-
ing from the Phase 1 checkpoint, using a com-
bined dataset of real and augmented data. The
augmentations included Time Stretch (£5%),
Pitch Shift (=1 semitone), and Additive Noise.
To preserve speech intelligibility, a random
combination of no more than two of these tech-
niques was applied simultaneously to each
original audio sample. This phase exposes
the model to greater acoustic variability to
improve its robustness.

* Phase 3 (Refinement): 30 epochs training
from the Phase 2 checkpoint, only real data.
Unlike Phase 1, the goal of this final refine-
ment step is to recalibrate the already robust
model back to the natural speech distribution,
mitigating any potential artificial bias intro-
duced by the synthetic augmented data from
the previous phase.

We also reset the weights of the last three Trans-
former layers to facilitate domain adaptation (Pasad
etal., 2021). Note that the custom tokenization (Ta-
ble 1) is a structural requirement for the phonemic
approach and cannot be ablated.

4 Results and Discussion

4.1 Baseline vs. Fine-Tuning

We conducted a baseline evaluation using pre-
trained models on the standard orthographic task
(character/word prediction). The performance was
evaluated using WER. For the proposed phonemic
approach, we evaluated PER.

Results are shown in Table 2. The baseline mod-
els, even those with 1 billion parameters (Grosman-
1b), performed unsuccessfully for diagnostic pur-
poses, with a WER greater than 0.50 and an esti-
mated PER of 0.1771. This suggests that models
trained on adults face challenges in segmenting
and recognizing isolated children’s speech without
context.

The use of phonemic fine-tuning produced a sig-
nificant improvement. The best fine-tuned model
(CORAA-aug) achieved a PER of 0.0437, a rela-
tive error reduction of 75.3% when comparing this
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result directly to the best baseline PER achieved
before fine-tuning (Grosman-1b Adult, PER of
0.1771). The statistical significance of this im-
provement was assessed using a Wilcoxon test on
the paired data. Specifically, we calculated the PER
for each audio sample in the test set for both the
baseline and fine-tuned models. The paired test
confirmed that the performance gain is statistically
significant (p < 0.05)

Model (Condition) Metric Value
Baseline (Orthographic)

CORAA (Adult) WER  0.6045
CORAA (Adult) PER 0.2187
Grosman-1b (Adult) WER  0.5410
Grosman-1b (Adult) PER  0.1771
Fine-tuning (Phonemic)

CORAA (BP) PER  0.0473
CORAA-aug (BP) PER  0.0437
Grosman-1b (BP) PER  0.0605
Grosman-1b-aug (BP) PER  0.0518
Facebook-1b-aug (Multi) PER  0.0590

Table 2: Performance comparative: Orthographic Base-
line vs. Phonemic Fine-tuning. (aug = with data aug-
mentation).

For the ablation study, comparing the fine-
tuning method (CORAA) with the augmented one
(CORAA-aug) shows a reduction in PER from
0.0473 to 0.0437. Although the absolute differ-
ence is small, it represents a 7.6% relative error
reduction. More importantly, the three-stage train-
ing strategy with data augmentation proved to be
a valuable regularizer for mitigating overfitting in
our low-resource dataset, exposing the model to
acoustic variations (e.g., pitch changes and noise)
that increase its overall robustness.

4.2 Base Model Effect: BP vs. Multilingual

An important finding of this research comes from
comparing specialized Portuguese models with
multilingual models. For the task of phonemic
recognition of isolated words, the Portuguese-
based models (CORAA and Grosman) consistently
outperformed their multilingual equivalent (Face-
book XLS-R) of the same type.

The CORAA-aug model (300M parameters)
was significantly better than Facebook-XLS-R-
300M (p < 0.001). Even the large multilingual
model with 1 billion parameters (PER 0.0590)
could not outperform the smaller specialized model

(CORAA, PER 0.0437). This means that for accu-
rate phonetic decoding in a low-data environment,
prior alignment with the phonotactics and spectral
characteristics of the target language (acquired dur-
ing adult pre-training) is likely more helpful than
just having a high generalization ability in a multi-
lingual setting.

4.3 Performance by School Grade

Although the speech of 2nd-grade children (approx.
7-8 years old) is typically more challenging for
ASR systems than that of older students due to
a higher incidence of phonological simplification
processes and greater variability in segment dura-
tion, our fine-tuning approach successfully over-
came these difficulties. When analyzing the perfor-
mance of the best model (CORAA-aug) by grade
level, the PER for the 2nd grade was 0.041, com-
pared to 0.046 for the 3rd grade. This demonstrates
that phonemic fine-tuning was highly effective in
capturing the specific phonetic characteristics of
younger readers, achieving a lower error rate for
this group compared to the 3rd graders.

This is a promising result, as it shows that the
fine-tuning technique was able to adapt the model
to the more challenging acoustic characteristics of
second graders, enabling the tool to be used for the
age group where early diagnosis is most critical.

4.4 Qualitative Analysis of Reading
Deviations

The phonemic approach changed the interpretation
of incompatible transcriptions in a significant way.
While the baseline produced ASR “hallucinations”
(prediction of words with no phonetic relation to
the audio), the results of the adjusted model proved
to be phonetically close to the actual speech pro-
ductions of the children.

Expert analysis by speech therapists confirmed
that what initially appeared to be “ASR errors” in
relation to the target text were, in fact, accurate
transcriptions of the children’s own phonological
and articulatory deviations. We identified two main
patterns that reflect language acquisition processes:

1. Place of Articulation Substitutions: When
a child mispronounces a phoneme, the model
captured the exact substitution. Example: Tar-
get text “/z e/” (z€) — Actual child utterance
and ASR Prediction “/Z e/” (g€). The model
accurately detected the change from an alveo-
lar to a post-alveolar fricative.
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2. Manner of Articulation: Example: Target
text “/p i/ — ASR prediction “/s i/”. Ex-
perts confirmed that children typically pro-
duce plosives with very weak release energy.
The model’s prediction reflects this precise
acoustic reality (a softened plosive, similar to
a fricative) in contrast to a random fail.

These results show that the adjusted ASR not
only “fails” when the reading is incorrect but also
acts as a diagnostic mirror. Experts have confirmed
that capturing these small phonetic deviations is
significantly more useful for planning pedagogical
interventions than the binary “wrong word” flag
provided by standard orthographic ASRs.

4.5 Interpretability of Latent Space

To verify if the model learned phonetic distinctions,
we analyzed embeddings from the Transformer’s
final layer, as last layers best represent task-specific
spaces after domain adaptation (Pasad et al., 2021).
Applying UMAP and Spherical K-Means (Grosz
etal., 2023), we observed the latent space evolution
(Figure 1).

To formally evaluate class purity, we used the
Homogeneity metric (Rosenberg and Hirschberg,
2007). Initially, the pre-trained model showed dif-
fuse clusters with a low Homogeneity score of 0.35.
Post-fine-tuning, this score surged to 0.94. Fur-
thermore, the resulting clusters are phonetically
coherent: the model spontaneously grouped front
mid vowels (/e/, /E/, /e/) and voiced sibilants (/z/,
/ZJ/) in distinct regions. This proves the fine-tuning
successfully restructured the acoustic knowledge
specifically for child vocal physiology.

5 Conclusions

This research shows that automatic transcription
of isolated words for children in the literacy stage
requires a different methodological approach than
that used for continuous speech from adults. The
use of fine-tuning in Wav2Vec2.0 models, com-
bined with a pure phoneme representation and ap-
propriate tokenization treatment, overcame the lim-
itations imposed by the lack of data.
The main conclusions are:

1. Phonemic Superiority: For diagnostic as-
sessment of isolated reading, predicting
phonemes is methodologically more adequate
than predicting graphemes.

Pre-trained
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Fine-tuning
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Figure 1: UMAP visualization of phonemic embeddings.
(A) Pre-trained: diffuse and mixed clusters. (B) Post-
fine-tuning: distinct and dense phonetic clusters.

2. Impact of Language Pre-training: Mod-
els pre-trained in the target language (BP),
such as CORAA, converge better and produce
lower error rates (PER 0.04) than multilingual
models, suggesting that prior specialization is
essential in low-resource contexts.

3. Diagnostic Tool: The developed model not
only transcribes accurately but also generates
latent representations consistent with phonol-
ogy, opening the way for automatic tools for
large-scale reading difficulty detection and
analysis in Brazilian schools.

For future work, we intend to evaluate the ap-
proach using a corpus of pseudowords, allowing us
to test the robustness of the model in the absence of
semantic bias. In addition, we propose to integrate
fluency metrics into the ASR output to automati-
cally identify disfluencies, aiming at building tools
that give detailed feedback on the reading process
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to educators and speech therapists.
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