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Abstract—Children’s speech recognition remains challenging
due to variability in pronunciation and sensitivity to acoustic
conditions. In this work, we analyze the performance of self-
supervised learning (SSL) models and speech-language mod-
els (SLMs) for children’s automatic speech recognition under
noisy conditions. Experiments are conducted on the PFSTAR
and CMU Kids datasets using a zero-shot setup with direct
decoding. The results show that model performance in clean
conditions is dataset-dependent, with different SSL. and SLM
models performing best across datasets. Under noisy conditions,
SLMs tend to demonstrate improved robustness, particularly
at lower signal-to-noise ratio (SNR) levels, while SSL. models
show greater sensitivity to noise. This advantage is especially
pronounced on CMU Kids, where the SLM outperforms the
SSL model across all noise types and SNR levels. Additionally,
we observe that moderate noise can, in some cases, improve
recognition performance for SLMs, suggesting that alignment
between training and evaluation conditions plays an important
role. Error analysis further reveals that SLMs maintain more
stable and complete transcriptions under noise, with errors
dominated by substitutions rather than deletions. Overall, the
results highlight the benefit of incorporating linguistic context
for robust children’s speech recognition in noisy environments,
particularly in challenging zero-shot scenarios.

Index Terms—Children’s speech, Self-supervised learning,
Speech-language models, Noise, SNR.

I. INTRODUCTION

Automatic speech recognition (ASR) has improved sig-
nificantly in recent years, largely driven by self-supervised
learning (SSL) models trained on large-scale unlabeled speech
data. Models such as Wav2Vec2 [1], HuBERT [2], Data2Vec
[3], and WavLM [4] learn representations directly from raw
audio and have demonstrated strong performance across a
wide range of speech tasks [5]-[9]. These models reduce
the dependence on labeled data and generalize well across
speakers, accents, and recording conditions.

Despite these advances, recognizing children’s speech re-
mains a challenging problem. One of the primary reasons is
the mismatch between training and evaluation data. Most SSL
models are trained predominantly on adult speech, whereas
children’s speech differs in several fundamental aspects, in-
cluding higher pitch, greater variability in pronunciation, and
less stable articulation [10]-[13]. In addition, children often
exhibit inconsistent speaking patterns, which further increases
the variability in the acoustic signal. These differences make
it difficult for models trained on adult data to generalize
effectively to children’s speech [14]-[17].

The challenge becomes more pronounced in the presence of
noise. In real-world scenarios, speech signals are rarely clean

and are often affected by various types of noise, such as babble
noise from multiple speakers, factory noise, and white noise
[18], [19]. These distortions degrade the acoustic signal and
reduce the reliability of the extracted representations. While
SSL models perform well under clean conditions [20], their
performance degrades significantly as the noise level increases
[21]. This behavior highlights a key limitation of SSL-based
approaches, which rely heavily on acoustic information.

Another important aspect is that SSL models primarily focus
on learning acoustic representations from speech. Although
deeper layers capture more abstract features, the representa-
tions remain closely tied to the input signal [22]-[25]. As a
result, when the acoustic signal is corrupted, the model has
limited ability to recover from such distortions, leading to
increased recognition errors. This suggests that relying solely
on acoustic information may not be sufficient for robust speech
recognition in challenging conditions.

To address these limitations, recent work has explored
speech-language models (SLMs) [26], [27], where speech
representations are combined with large language models. By
integrating acoustic and linguistic information, these models
can utilize contextual cues during decoding, which can help
resolve ambiguities when the acoustic signal is degraded. This
is particularly relevant for children’s speech, where variability
in pronunciation can make purely acoustic modeling less
reliable.

However, despite their potential, the effectiveness of SLMs
for children’s speech recognition under noisy conditions has
not been systematically studied. It remains unclear whether
incorporating linguistic context can consistently improve ro-
bustness across different datasets and noise conditions.

In this work, we investigate the noise robustness of SSL
models and SLMs for children’s speech recognition in a zero-
shot setting. We evaluate multiple SSL. models and compare
them with speech-language models under different noise types
and SNR levels. All models are evaluated without any fine-
tuning on children’s speech data, making the setup both
realistic and challenging.

The main contributions of this work are as follows:

e We provide a comparative analysis of SSL models and
SLMs for children’s ASR under multiple noise condi-
tions.

o We analyze the impact of different noise types and SNR
levels on recognition performance.

¢« We observe that SLMs tend to exhibit greater noise
robustness than SSL models in a zero-shot setup, par-



ticularly under severe noise conditions.
o We highlight the role of linguistic context in improving
ASR performance when the acoustic signal is degraded.

II. RELATED WORK

Children’s speech recognition remains a challenging prob-
lem due to differences in pitch, pronunciation, and speaking
patterns compared to adult speech. Models trained on adult
speech data often exhibit degraded performance when applied
to children’s speech, and this mismatch becomes more pro-
nounced under noisy conditions.

SSL models such as Wav2Vec2, HuBERT, Data2Vec and
WavLM have significantly improved speech representation
learning by leveraging large-scale unlabeled data [28]. These
models learn rich acoustic representations that generalize well
across tasks and domains [29]-[38]. However, their perfor-
mance is still closely tied to the quality of the input signal,
making them sensitive to noise and other distortions, particu-
larly in mismatched conditions such as children’s speech.

Noise robustness in ASR has traditionally been addressed
through data augmentation, multi-condition training, and
speech enhancement techniques. While these approaches im-
prove robustness, they typically require additional training
data, model adaptation, or preprocessing, which may not be
feasible in zero-shot scenarios. As a result, the robustness of
pretrained SSL. models under noisy conditions, especially for
children’s speech, remains limited.

More recently, SLMs have been proposed to integrate acous-
tic representations with large language models. By incorporat-
ing linguistic context during decoding, these models can better
handle ambiguities in the acoustic signal. This approach has
shown promise in improving recognition performance, partic-
ularly in challenging conditions where acoustic information
alone is insufficient.

Despite these developments, existing work has largely
addressed children’s speech, noise robustness, and self-
supervised learning as separate problems. A systematic com-
parison between SSL models and SLMs for children’s speech
recognition under noisy conditions is still lacking. In particu-
lar, it is not well understood how these models behave under
different noise types and SNR levels in a zero-shot setting.

This work aims to address this gap by providing a detailed
analysis of noise robustness in SSL models and SLMs for
children’s speech recognition.

III. EXPERIMENTAL SETUP
A. Datasets

We evaluate all models on two children’s speech datasets.

The PFSTAR [39] dataset contains British English chil-
dren’s speech with an age range of 4 to 14 years. It includes
read speech recordings from multiple speakers. We use the
standard test set consisting of approximately 1.1 hours of
speech from around 60 speakers.

The CMU Kids [40] dataset consists of American English
children’s speech, where children read prompted sentences.
The dataset includes recordings from children aged 6 to 11
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Fig. 1. Speech-language model (SLM) architecture. The acoustic pipeline
(top row) extracts features from speech, which are provided to a large
language model (bottom row). The language model generates context-aware
transcriptions, improving robustness under degraded acoustic conditions.

years. We use the standard test set containing approximately
2.8 hours of speech.
All audio is sampled at 16 kHz.

B. Models

We evaluate multiple pretrained SSL models, including
Wav2Vec2, HuBERT, Data2Vec and WavLM. These models
are trained on large-scale speech corpora and are designed to
learn general-purpose acoustic representations. We also evalu-
ate two speech-language models: Granite 3.3 (8B) and Granite
4.0 (1B). These models integrate speech representations with a
large language model, enabling the use of contextual informa-
tion during decoding. As illustrated in Fig. 1, the input speech
is first processed by a speech encoder to extract acoustic
features, which are then provided to the language model. The
language model generates the final transcription by leveraging
both acoustic information and contextual knowledge. Granite
3.3 represents a larger model with higher capacity, while
Granite 4.0 is a more compact model designed for efficient
inference. This setup enables a direct comparison between
purely acoustic SSL models and both large and lightweight
SLMs under identical evaluation conditions.

IV. METHODOLOGY

In this work, we evaluate SSL models and SLMs for
children’s speech recognition in a zero-shot setting using direct
decoding.

A. Decoding and Text Processing

All models are evaluated using a unified decoding pipeline.
Audio waveforms are first resampled to 16 kHz when required.
For SLMs, the input speech is combined with a text prompt
using a chat-based template of the form: “< |audio| >
Transcribe the speech. Do not convert numbers into digits;
keep them in word form and add appropriate spacing.”

The combined input is processed using the model-specific
processor, and transcription is generated using greedy decod-
ing without sampling, with a maximum of 200 generated
tokens. In the case of SLMs, the acoustic features extracted
from speech are provided to the language model, which
generates the final transcription conditioned on both acoustic
and contextual information, as illustrated in Fig. 1.

The generated transcriptions are post-processed before
evaluation. All text is converted to uppercase and non-
alphanumeric characters are removed. Additionally, numeric



digits in the output are converted into their corresponding word
forms to ensure consistency with reference transcriptions.

B. Noise Generation

To evaluate robustness under noisy conditions, clean speech
signals are corrupted with additive noise from the NOISEX-92
dataset. For a given clean speech signal = and noise signal n,
the noisy signal is generated by scaling the noise to a target
SNR level and adding it to the clean speech.

Noise is added at multiple SNR levels (0 dB, 5 dB, and 10
dB), representing increasingly challenging acoustic conditions.
This process is applied independently to each utterance across
different noise types, including babble, factory, and white
noise, enabling a systematic evaluation of model performance
under varying noise characteristics.

V. RESULTS AND DISCUSSION

This section presents a comparative evaluation of SSL
models and SLMs on children’s speech under both clean
and noisy conditions. We first analyze performance in clean
conditions to identify the best-performing models, which are
then used for detailed noise robustness analysis across different
SNR levels and noise types.

TABLE I
WER (%) ON CLEAN CHILDREN’S SPEECH FOR SSL AND SLM MODELS.

Model PFSTAR | CMU Kids

SSL Models

Wav2Vec2 10.65 22.63

HuBERT 10.67 24.24

Data2Vec 9.82 22.85

WavLM 25.24 82.38
SLM Models

Granite 3.3 (8B) 9.85 13.28

Granite 4.0 (1B) 15.20 11.89

A. Performance in Clean Conditions

Table I presents the WER results on clean children’s speech
for all models. Among the SSL models, Data2Vec achieves the
best performance on PESTAR with a WER of 9.82%, followed
closely by Wav2Vec2 and HuBERT. In contrast, on CMU Kids,
Wav2Vec?2 achieves the lowest WER among SSL models, with
Data2Vec showing comparable performance.

For the SLMs, Granite 3.3 achieves a WER of 9.85% on
PFSTAR, which is comparable to the best-performing SSL
model. On CMU Kids, Granite 4.0 achieves the best overall
performance with a WER of 11.89%, followed by Granite 3.3.

These results indicate that model performance is strongly
dataset-dependent. On PFSTAR, SSL and SLM models show
comparable performance, suggesting that acoustic representa-
tions are sufficient for this dataset. In contrast, on CMU Kids,
SLMs significantly outperform SSL models, indicating that
incorporating linguistic context provides a clear advantage.

Based on these observations, Data2Vec and Granite 3.3 are
selected for further analysis on PFSTAR, while Wav2Vec2 and
Granite 4.0 are selected for CMU Kids.

B. Noise Robustness

Tables II and III present the WER results under different
noise conditions and SNR levels for the selected models.
TABLE II

WER (%) UNDER DIFFERENT NOISE TYPES AND SNR LEVELS ON
PFSTAR FOR BEST SELECTED MODELS.

Noise Type Model 10dB | 5dB | 0dB
Babble PataZVec 10.12 15.19 | 27.40
Granite 3.3 (8B) 8.23 14.18 | 27.96
Data2Vec 10.93 16.97 | 38.64

Factory }
Granite 3.3 (8B) 8.67 13.68 | 22.57
White PataZVec 11.84 16.89 | 31.35
Granite 3.3 (8B) 10.19 19.05 | 2245

On PFSTAR, both models exhibit increasing WER as the
SNR decreases, particularly at 0 dB. However, an interesting
trend is observed for Granite 3.3 at moderate noise levels,
where the WER can be comparable to or even lower than the
clean condition. For example, under babble noise at 10 dB,
Granite 3.3 achieves a lower WER than in the clean setting.
In contrast, Data2Vec follows a more consistent degradation
pattern as noise increases.

This behavior for Granite 3.3 can be attributed to the
training strategy of modern speech-aware models. As reported
in [26], such models are trained with extensive data augmenta-
tion, including noise at a wide range of SNR levels. As a result,
moderate noise during evaluation may better align with the
training conditions. Additionally, noise can reduce sensitivity
to fine-grained acoustic variations in children’s speech, leading
to more stable decoding in certain cases.

Across noise types, Granite 3.3 demonstrates better robust-
ness than Data2Vec under more challenging conditions. For
instance, under factory noise at 0 dB, Granite 3.3 achieves
a WER of 22.57% compared to 38.64% for Data2Vec, with
similar trends observed for white noise. This indicates that the
SLM maintains stronger performance when the acoustic signal
is severely degraded.

TABLE III
WER (%) UNDER DIFFERENT NOISE TYPES AND SNR LEVELS ON CMU
KIDS FOR BEST SELECTED MODELS.

Noise Type Model 10dB | 5dB | 0dB
Wav2Vec2 2441 | 29.89 | 46.35
Babble .
Granite 4.0 (1B) 13.43 17.82 | 19.34
Wav2Vec2 25.32 | 31.16 | 50.74
Factory )
Granite 4.0 (1B) 13.46 16.06 | 19.34
. Wav2Vec2 25.78 | 33.27 | 52.81
White )
Granite 4.0 (1B) 15.61 13.41 | 19.89

In contrast, on CMU Kids, Granite 4.0 consistently out-
performs Wav2Vec2 across all noise types and SNR levels,
with the performance gap becoming more pronounced as the
SNR decreases. For example, under babble noise at 0 dB,
Granite 4.0 achieves a WER of 19.34%, whereas Wav2Vec2



degrades significantly to 46.35%. Similar behavior is observed
for factory and white noise, where Wav2Vec2 shows a sharp
increase in WER, while Granite 4.0 maintains relatively stable
performance.

Overall, the results highlight a clear distinction between
SSL models and SLMs under noisy conditions. SSL models
are more sensitive to noise due to their reliance on acoustic
representations, whereas SLMs demonstrate improved robust-
ness, particularly at lower SNR levels. The observation that
moderate noise can occasionally improve performance further
suggests that alignment between training and evaluation condi-
tions plays an important role in children’s speech recognition.

C. Error Analysis using Substitutions, Deletions, and Inser-
tions

Tables IV and V present the distribution of substitution (S),
deletion (D), and insertion (I) errors at 0 dB SNR across
different noise types. We focus on 0 dB as it represents
the most challenging acoustic condition, where the impact of
noise on model behavior is most pronounced. Analyzing error
patterns under this setting provides clearer insight into how
different models handle severely degraded speech.

On PFSTAR, Granite 3.3 exhibits distinct error patterns
depending on the noise type. Under babble noise, insertion
errors are dominant, indicating a tendency to generate addi-
tional tokens in highly interfering conditions. In contrast, for
factory and white noise, insertion errors reduce significantly,
while substitutions become the primary source of error. This
shift suggests that as the noise changes from highly inter-
fering to more stationary, the model transitions from over-
generation to incorrect word prediction. Deletion errors remain
comparatively lower, indicating that the overall structure of the
utterance is largely preserved.

On CMU Kids, Granite 4.0 shows a more consistent error
profile across noise conditions. Substitution errors dominate
in all cases, indicating that the model continues to pro-
duce complete transcriptions but with incorrect word choices.
Deletion errors are moderate, suggesting that fewer words
are dropped even under severe noise, while insertion errors,
although present, remain lower than substitutions.

A comparison with SSL. models further highlights these
differences. On PFSTAR, Data2Vec exhibits a higher number
of substitution and deletion errors, particularly under factory
and white noise, indicating difficulty in maintaining both word

TABLE IV
DISTRIBUTION OF SUBSTITUTION (S), DELETION (D), AND INSERTION (I)
ERRORS AT 0 DB SNR ON PFSTAR.

Noise Type Model S D I WER
Babble Data2Vec 1088 | 109 | 169 | 27.40
Granite 3.3 424 189 | 803 | 27.96
Data2Vec 1399 | 458 69 38.64

Factory .
Granite 3.3 558 273 | 312 | 22.57
. Data2Vec 1302 | 169 98 31.35

White

Granite 3.3 492 109 | 536 | 2245

TABLE V
DISTRIBUTION OF SUBSTITUTION (S), DELETION (D), AND INSERTION (I)
ERRORS AT 0 DB SNR oN CMU KIDS.

Noise Type Model S D I WER
Wav2Vec2 | 3699 | 1114 | 651 | 46.35

Babble
Granite 4.0 | 1148 516 791 19.34
Wav2Vec2 | 3997 | 1469 | 528 | 50.74

Factory .

Granite 4.0 | 1175 517 763 | 19.34
. Wav2Vec2 | 4368 | 1356 | 559 | 52.81

White
Granite 4.0 | 1214 443 868 | 19.89

accuracy and sequence continuity. In contrast, Granite 3.3
produces fewer deletions and more balanced error distribu-
tions. On CMU Kids, Wav2Vec2 shows a sharp increase in
substitution and deletion errors across all noise types, whereas
Granite 4.0 maintains a relatively controlled error profile.

Overall, the error distribution reveals a key distinction
in model behavior. SSL models tend to suffer from higher
deletion and substitution errors under noise, reflecting their
sensitivity to degraded acoustic signals. In contrast, SLMs
maintain more complete transcriptions, with errors dominated
by substitutions. This behavior suggests that SLMs rely on
contextual information to preserve transcription continuity
even when the acoustic signal is unreliable.

D. Limitations

This study is limited to zero-shot evaluation on English
datasets with synthetically generated noise. The comparison
between SSL and SLM models is not fully controlled, as the
two model classes differ in decoding strategy and training data.
Future work will explore fine-tuning, multilingual settings, and
real-world noise conditions

VI. CONCLUSION

In this work, we investigated the noise robustness of SSL
models and SLMs for children’s speech recognition in a zero-
shot setting. The results show that model performance in clean
conditions is dataset-dependent, with SSL and SLM models
performing comparably on PFSTAR, while SLMs achieve
significantly better performance on CMU Kids. Under noisy
conditions, a clear distinction emerges between the two model
types. SSL models exhibit significant degradation as the noise
level increases, reflecting their reliance on acoustic represen-
tations. In contrast, SLMs demonstrate improved robustness,
particularly at lower SNR levels, by leveraging contextual
information during decoding. An interesting observation is
that moderate noise can, in some cases, improve performance
for SLMs. This suggests that alignment between training and
evaluation conditions plays an important role, especially for
models trained with diverse acoustic variations. Overall, the
results suggest the potential benefit of integrating linguistic
context for robust children’s speech recognition, particularly
in challenging acoustic environments.
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