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Figure 2: WER across different Whisper model
scales under various ablation settings. The “Full
Model” includes all components, while “w/o Adv”,
“w/o Meta”, and “w/o CL” indicate removal of ad-
versarial training, meta-learning, and contrastive
learning modules, respectively.

v2 models, exceeding the effects observed from
ablating the adversarial training (w/o Adv) or con-
trastive learning (w/o CL) modules. This finding
underscores the effectiveness of meta-learning in
dynamically adjusting model parameters based on
learning progress, as compared to traditional man-
ual heuristic parameter tuning, especially in the
context of complex speech patterns.

Ablation experiments on adversarial training re-
veal a greater performance degradation in the tiny
and base models. Small-scale models, constrained
by their limited parameter capacity, may depend
more heavily on the regularization provided by ad-
versarial training to mitigate shifts in the acoustic
feature distribution. In contrast, the removal of the
contrastive learning module has a relatively lesser
impact, indicating that contrastive learning primarily
improves performance by optimizing the discrim-
inative representation space of speech features.
This optimization appears to be more beneficial for
small-scale models, whereas larger models, which
inherently possess strong feature disentanglement
capabilities, see limited marginal gains from con-
trastive learning.

4.4. Noise Robustness Analysis

Since real-world noise is highly variable, using a
fixed set of real-world recordings may bias eval-
uation toward specific environmental conditions,
limiting result generalizability and complicating the
assessment of a model’s true robustness. To en-
sure a controlled and consistent evaluation, we
instead add white noise at varying SNRs of -5, 0,
5, and 10 dB (Figure 3). These SNR levels rep-
resent different degrees of noise contamination in
the audio signals. A lower SNR value indicates
a higher level of noise relative to the speech sig-
nal, making the recognition task more challenging.

Figure 3: Comparison of mel spectrograms for orig-
inal and noisy audio signals, with the noisy signal
containing additive white noise at SNR = -5 dB.

Conversely, a higher SNR value indicates a lower
level of noise, which is less challenging for the mod-
els. Despite this, all SNR levels can be considered
noisy environments relative to a clean, noise-free
signal.

Figure 4 demonstrates the performance of the
MetaCORA approach compared to traditional fine-
tuning across different Whisper model sizes in the
presence of white noise, simulating a noisy envi-
ronment. The results indicate that MetaCORA con-
sistently outperforms traditional fine-tuning across
all Whisper model scales, achieving at least a 3%
absolute reduction in WER even at the highly chal-
lenging -5 dB SNR level. This finding supports the
hypothesis that our proposed approach enhances
the model’s ability to maintain speech discriminabil-
ity in degraded acoustic conditions.

We also observe that the benefits of adapta-
tion diminish as the model capacity increases.
Specifically, the WER improvement for the large-
v2 model is smaller compared to the base, small,
and medium models. We believe it can be at-
tributed to the fact that larger models, due to their
increased complexity and capacity, are more robust
to noise and thus have less room for improvement
through additional adaptation techniques. In con-
trast, smaller models benefit more from the pro-
posed approach, as they are more susceptible to
noise and can leverage the additional training to
better handle such conditions. Interestingly, de-
spite the general trend of smaller models benefiting
more from adaptation, the tiny model shows the
least improvement in most cases. We hypothesize
that this is due to the limited capacity of the tiny
model, which restricts its ability to capture the com-
plex patterns and features necessary for robust
speech recognition, even with the assistance of the
proposed approach. Therefore, while MetaCORA
provides an improvement to smaller models, the in-
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Figure 4: Performance comparison of MetaCORA and traditional fine-tuning across different Whisper

model sizes in noisy environments.

herent limitations of the tiny version may constrain
its potential gains.

While our evaluation demonstrates consistent
robustness improvements under controlled condi-
tions, we acknowledge the limitations of a white-
noise-only evaluation strategy. Spectrally flat white
noise does not fully capture the complexity of real-
world acoustic interference, such as human babble,
traffic noise, or room reverberation, which typically
exhibit dynamic and frequency-dependent spectral
profiles. Consequently, the robustness gains ob-
served in this benchmark may not transfer uniformly
to all naturalistic noisy environments.

4.5. Representation Space Analysis

We analyze the representation space of our mod-
els to explore how contrastive learning enhances
the robustness of speech recognition at the feature
level. For audio samples in our test set, we first
extract encoder representations from both the base-
line models and the proposed models. For each
clean sample, we generate a corresponding adver-
sarial sample with perturbation magnitude ¢ = 0.05
and step size a = 0.005. We then apply t-SNE to
project these high-dimensional features into a two-
dimensional space for comparative visualization,
as illustrated in Figure 5. To quantify the differ-
ences between feature spaces, we compute the
average Euclidean distance between each clean
sample and its corresponding adversarial sample
in the t-SNE embedded space.

Table 2 shows contrastive learning significantly
reduces the average distance between clean-
adversarial sample pairs in the feature space. For
the Tiny model, this distance decreases from 80.11
to 49.70, representing a reduction of approximately
37.96%. Across all model sizes we observe similar
improvements, with the average distance consis-
tently reduced by 42-47% for larger models. This

Figure 5: t-SNE visualization of encoder represen-
tations in the feature space for the Whisper-medium
model. The black points denote clean samples,
while the red points represent adversarial samples.
The left panel illustrates the feature space distribu-
tion after traditional fine-tuning, whereas the right
panel demonstrates the improved feature space
structure after applying our contrastive learning ap-
proach (results from other model sizes followed
similar patterns).

indicates that contrastive learning indeed causes
the model to map clean samples and adversarial
samples of the same content to closer positions in
the representation space. This reduction in feature
space distance directly corresponds to improved
adversarial robustness, as the model learns to treat
original inputs and their adversarially perturbed ver-
sions as essentially the same content. Another
noteworthy observation is that despite the reduced
distance between corresponding sample pairs, the
overall structure of the feature space maintains
good discriminability. It suggests that the model
preserves its ability to distinguish different audio
content while improving robustness.

5. Conclusion

We present MetaCORA, a method for fine-tuning
Whisper on low-resource Hong Kong Cantonese
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Model Size Avg Pair Distance Diff (%)
Whisper MetaCORA

Tiny 80.11 49.70 37.96

Base 78.22 45.21 42.20

Small 76.58 44.38 42.04

Medium 74.45 41.54 44.20

Large-v2 73.98 39.15 47.08

Table 2: Feature space representation compari-
son between vanilla Whisper models and our Meta-
CORA models. The average pair distance mea-
sures the Euclidean distance between clean and
adversarial sample pairs in t-SNE space. Diff (dif-
ference) percentage shows the relative reduction
in pair distance achieved by MetaCORA.

that adapts adversarial and contrastive learning
during training based on the model’'s progress.
Across all model sizes, MetaCORA yields lower
WER scores than standard fine-tuning, commercial
ASR systems, and LLM-based alternatives. Abla-
tion studies confirm that both adversarial and con-
trastive learning are essential, and that dynamically
adjusting their relative weights during training is crit-
ical to the performance gains. We further observe
that MetaCORA improves robustness under noisy
conditions and reduces the feature-space distance
between clean and adversarial samples while pre-
serving discriminative class boundaries.

While the empirical evidence in this study is
limited to Hong Kong Cantonese, the MetaCORA
framework is designed to be language-agnostic.
The core mechanisms, such as gradient-based
adversarial perturbations in the acoustic feature
space, contrastive representation learning, and
validation-driven meta-optimization, do not rely on
Cantonese-specific phonology, lexicons, or linguis-
tic rules. Because the framework operates di-
rectly on the latent representations extracted by
the pre-trained Whisper encoder, we hypothesize
that it possesses broader applicability to other low-
resource languages facing similar data scarcity and
acoustic variance challenges. In future work, we
plan to extend this framework to a wider variety
of low-resource languages and evaluate its perfor-
mance across diverse speech recognition scenar-
ios to fully validate its generalizability.
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