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Abstract—Automatic Speech Recognition (ASR) aims to tran-
scribe speech signals into textual sequences, serving as a funda-
mental technology in human-computer interaction. However, end-
to-end ASR systems often suffer from inconsistent predictions
across different stochastic passes and insufficient representation
learning capability. To mitigate these issues, we propose RUCL
(Regularization and Unsupervised Contrastive Learning), a novel
framework that hierarchically integrates consistency regulariza-
tion and unsupervised contrastive learning.Specifically, at the
feature level, we employ unsupervised contrastive learning to
enhance the discriminability of speech representations, thereby
strengthening the model’s ability to capture robust acoustic
features. At the output level, we apply consistency regularization
to minimize the divergence between two CTC distributions
generated under different dropout masks, promoting prediction
stability. Extensive experiments on AISHELL-1 and LibriSpeech
datasets demonstrate that RUCL achieves superior performance,
with a CER of 4.63% on AISHELL-1 and WERs of 4.44%/9.96 %
on LibriSpeech test-clean/test-other, significantly outperforming
strong baselines.

Index Terms—Automatic Speech Recognition, Consistency
Regularization, Unsupervised Contrastive Learning.

I. INTRODUCTION

Automatic Speech Recognition (ASR) seeks to transcribe
spoken utterances into textual form. End-to-end approaches
[1]-[3], which directly model the mapping from acoustic fea-
tures to text sequences, have become the dominant paradigm
due to their architectural simplicity and training efficiency.
Prominent among these are methods based on Connection-
ist Temporal Classification (CTC) [1], the Attention-based
Encoder-Decoder (AED) [2], and hybrid CTC/AED frame-
works [4], which leverage complementary advantages to en-
hance recognition accuracy.

Despite progress in architecture, current end-to-end ASR
systems still face a fundamental challenge in representation
learning. Mainstream methods rely on sparse and frame-level
ambiguous supervision from CTC or attention alignment [1],
leading the encoder to capture shallow acoustic patterns rather
than deep discriminative features. This causes poor inter-class
separation for similar phonemes and low intra-class consis-
tency under noise. Weak representations further exacerbate
prediction inconsistency: under stochastic perturbations such
as dropout, the encoder produces high-variance outputs with

unreasonable probability “spikes”, reducing robustness to local
noise interference [5].

To mitigate these issues, prior work has explored various
regularization strategies. Consistency regularization stabilizes
predictions by enforcing invariance across different views.
Methods such as R-Drop [5] and Yao et al. [6] minimize
divergence between output distributions, while other works
reduce feature redundancy [7]. Although effective in smooth-
ing outputs, these methods mainly constrain final predictions
and do not explicitly enhance the discriminability of low-level
speech representations.

Another direction is Self-supervised Speech Representation
Learning (SSL), which uses unlabeled data to learn robust
features. Frameworks like Wav2vec 2.0 [8] and HuBERT [9]
achieve remarkable success via contrastive learning or masked
prediction. However, they involve high costs due to large-
scale pre-training and rely on complex external processes,
with objectives often decoupled from the ASR task. Recently,
multi-view mining and unsupervised semantic alignment have
shown potential in improving representation discriminability
[10], [11].

We thus ask: Can we design a unified, lightweight frame-
work that enhances feature discriminability and output stability
during standard training, without external augmentation or
large-scale pre-training? To this end, we propose RUCL, a
novel ASR framework that hierarchically integrates consis-
tency regularization and unsupervised contrastive learning in
a Conformer-Transformer hybrid CTC/AED architecture. The
model processes input speech twice with different dropout
masks to obtain two sets of encoded features and CTC
distributions. At the feature level, unsupervised contrastive
learning pulls representations of the same utterance closer and
pushes others apart. At the output level, consistency regulariza-
tion minimizes distribution divergence. The overall objective
combines standard losses with the two auxiliary losses. Unlike
existing works, RUCL uses intrinsic dropout noise to construct
multi-view constraints in a unified framework.

Our main contributions are summarized as follows:

e We propose RUCL, an ASR framework that hierarchi-
cally integrates consistency regularization and unsuper-
vised contrastive learning to enhance discriminability and
stabilize CTC outputs.



o« RUCL leverages intrinsic dropout noise to construct
multi-view features for joint learning, without external
data or model modification.

o Experiments on AISHELL-1 and LibriSpeech show that
RUCL significantly improves recognition performance,
surpassing strong baselines including self-supervised
models and state-of-the-art regularization methods [7].

II. RELATED WORK
A. Consistency Regularization for Robust ASR Prediction

Consistency regularization enhances robustness by enforc-
ing invariant predictions across different stochastic passes
or augmented views. Originating from visual representation
learning [12] and semi-supervised learning [13], this strategy
minimizes divergence between perturbed representations to
avoid overfitting. In speech processing, it is applied via recon-
struction objectives [14] or spatial-temporal constraints [15],
often combined with SpecAugment [16] for view diversity.
In supervised ASR, typical methods include R-Drop [5],
which uses bidirectional KL-divergence to stabilize outputs,
and Yao et al. [6] with Zipformer [17]. Ko et al. [7] further
proposed diversity regularization to reduce feature redundancy.
These methods mitigate prediction inconsistency but mainly
focus on output stability, without explicitly improving the
discriminability of encoder representations.

B. Contrastive Learning for Discriminative Speech Represen-
tation

Contrastive learning learns discriminative representations by
pulling positive pairs closer and pushing negative pairs apart
in the latent space, directly addressing insufficient feature
discriminability. In speech processing, self-supervised methods
such as Wav2Vec 2.0 [8] and HuBERT [9] achieve great
success. Wav2Vec 2.0 uses contrastive loss to distinguish real
quantized speech representations, while HuBERT performs
masked prediction with clustered hidden units as pseudo-
labels. Both enhance the ability to capture robust content-
sensitive acoustic features from unlabeled data.

Despite effectiveness, these methods usually need large-
scale pre-training and rely on complex data augmentation or
offline clustering to build positive pairs. In contrast, RUCL
constructs natural positive pairs without external augmenta-
tion. It improves encoder discriminability while compatible
with standard CTC and attention losses, providing a unified
way to boost feature quality and robustness.

C. Peak Suppression in CTC-based ASR

A well-known symptom of prediction inconsistency in CTC-
based models is producing highly “peaky” distributions, where
non-blank tokens appear as sharp probability spikes [18].
This indicates overfitting to training alignments and causes
issues like lower boundary precision in forced alignment [19]
and knowledge distillation difficulties [20]. Peak suppression
aims to encourage smoother and more reasonable probability
distributions.

To address this, existing methods use label priors [19]
or sequence-level knowledge distillation [21]. They penalize
overconfident predictions by modifying training objectives or
decoding, but work as separate adjustments rather than being
integrated into representation learning. Our RUCL provides
a synergistic solution that links peak suppression with repre-
sentation learning. By enforcing consistency across stochastic
outputs, RUCL suppresses sharp spikes and yields smoother,
more robust distributions.

III. METHOD

The proposed hierarchical consistency regularization frame-
work operates at two levels: (a) feature-level consistency:
pulling closer the feature representations obtained from the
same input under different dropout masks; and (b) output-level
consistency, which enforces stability in the output probability
distributions across these views. These two components syn-
ergize to form a hierarchical constraint system spanning from
low-level features to high-level outputs. The model structure
is illustrated in Fig. 1.

A. Consistency Regularization

To mitigate the issue of inconsistent predictions in CTC-
based ASR models under different stochastic passes, we
introduce a consistency regularization method inspired by R-
Drop [5]. The core idea is to minimize the divergence between
two output distributions generated from the same input under
different dropout conditions. This effectively penalizes the
sharpness of the loss landscape, guiding the optimization
toward a flatter minimum.

Formally, let X = {1, 2, ..., z7} denote the input speech
feature sequence. We pass X through the shared Conformer
encoder twice, each with a distinct dropout mask & (@) and I3 (®) s
yielding two sets of hidden representations:

Z@ = f1(X; ey, zZ® = f2(X;¢), (1)

where Z( Z(®) ¢ REXTXD ith B as the batch size, T
as the sequence length, and D as the feature dimension.
These representations are then processed by a shared CTC
head to generate two probability distributions over the output
vocabulary:

P = softmax(WZ(® + b),

2)
P® = softmax(WZ® + b), (

where W € RP*IVl and b € RV apply a linear projection
to the vocabulary size |V|, followed by the softmax operation.

To enforce consistency between these two distributions, we
minimize the bidirectional Kullback-Leibler (KL) divergence:

1
Lx = 5 | D (P@|PO) + D (PP [P (3)
This loss term encourages the model to produce similar
output distributions regardless of the dropout noise, thereby
stabilizing the CTC predictions and mitigating the inconsis-
tency issue.
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Fig. 1: Overview of the proposed RUCL framework. The input FBank features are processed through two forward passes of
the same Conformer encoder with different dropout masks, yielding two sets of hidden representations Z(*) and Z(*). These
representations are used to compute the CTC losses and the bidirectional KL-divergence loss for consistency regularization
(Section III-A). Simultaneously, utterance-level features h(®) and h(®), obtained via temporal average pooling, are fed into a
contrastive learning module to compute the unsupervised contrastive loss (Section III-B).

B. Unsupervised Contrastive Learning

To tackle the issue of insufficient discriminability in speech
representations learned by the encoder, we introduce a RUCL
module. This component operates at the feature level, lever-
aging the multi-view representations generated by dropout to
enhance the encoder’s ability to capture robust and discrimi-
native acoustic features.

To obtain global semantic information and align with the
requirements of instance-level contrastive learning, we apply
temporal average pooling to the frame-level features Z(*) and
Z®) (derived in Section III-A) along the time dimension:

T
_ % Z Zga)’ h(b Z Z(b
t=1

where h(® h(®) € REXD gare the utterance-level embeddings
for the two views.

For each sample ¢ in the batch, the two views hl(-a)
and hgb) form a positive pair. All other embeddings in the
batch—including both views of other samples—are treated as
negative examples. The contrastive loss for a specific anchor
view k € {a,b} of the i-th sample is defined as:

exp (Sim(hf, h¥’ )/T)

“4)

l; ), = —log

&)

B : u ’
i1 Douetany L £k exp (sim(hf, h¥)/7)

where k' denotes the other view of the same sample, sim(-, -)
is the cosine similarity function, 7 is a temperature hyperpa-
rameter, and I is an indicator function that excludes the anchor
itself.
The total unsupervised contrastive loss is averaged over all
2B views in the batch:
1 E
LycL = 5B Z (lia+lip),

i=1

(6)

This loss function encourages the model to pull together
representations of the same utterance under different dropout
conditions while pushing apart representations from differ-
ent utterances, thereby enhancing the discriminability of the
learned speech features. Minimizing this objective essentially
maximizes the mutual information between the perturbed
views, forcing the encoder to filter out dropout-induced noise
and retain invariant semantic structures, thereby learning a
manifold robust to acoustic variations.

C. Objective Function

The overall training objective combines four loss compo-
nents: the standard CTC loss Lcre [1], the attention-based
decoder loss L, [4], the consistency regularization loss Lki.
(Section III-A), and the unsupervised contrastive loss LycL
(Section III-B).

For Lcrc, given a target transcript y, the CTC loss derived
from a forward pass with dropout mask & () is calculated as



E(CST)C = —log P(y|X; £*)). We average the CTC losses over
the two stochastic passes:

L/
Lere = 5 (E((ZT)C + EébT)C) : 7
The final joint optimization objective is formulated as:
L=X-Lerc + (1 =AN)Lax + B LxL +7 - LucL, B)

where L, represents the standard cross-entropy loss, and A
balances the CTC and attention objectives (typically set to
0.3 [22]). The hyperparameters 3 and - control the weights
of consistency regularization and contrastive learning, re-
spectively. This joint optimization enhances both alignment
accuracy and the representation capability of the ASR system.

IV. EXPERIMENTS
A. Experimental Settings

Datasets and Baselines. We evaluate RUCL on two stan-
dard benchmarks: the 178-hour Mandarin corpus AISHELL-
1 [23] and the 960-hour English corpus LibriSpeech [24]. We
compare with strong baselines including TDNN-LFMMI [23],
SA-T [25], LAS [26], Transformer [27], Conformer [28],
Wav2Vec 2.0 [8], HUBERT [9], TASA [29], and Diversity &
Independence Regularization [7].

Implementation Details. Implemented in WeNet [22],
we use 80-dimensional log-mel filterbanks with SpecAug-
ment [16] and speed perturbation. The model has a 12-layer
Conformer encoder (dmoder = 256,drsn, = 2048) and a
6-layer Transformer decoder. We use 4,231 characters for
AISHELL-1 and 5,000 BPE tokens [30] for LibriSpeech.
Models are trained on NVIDIA RTX 5090 GPUs with Adam
optimizer and warmup. Key hyperparameters: CTC weight
A = 0.3, consistency weight 3 = 0.4, contrastive weight
~ = 0.3. For inference, we use joint CTC/Attention decoding
with beam size 10. CER and WER are used as evaluation
metrics for AISHELL-1 and LibriSpeech, respectively.

B. Comparative experiment

Results on AISHELL-1. As shown in Table I, The vanilla
Conformer achieved CERs of 5.05% (dev) and 5.78% (test).
Its enhanced variants, R-TASA-Conformer and D-TASA-
Conformer, showed better performance: their dev/test CERs
were 4.96%/5.45% and 4.84%/5.21%, respectively. Our RUCL
framework outperformed all these Conformer-based baselines.
Compared with the strongest baseline D-TASA-Conformer,
RUCL achieved an 11.13% relative CER.

Results on LibriSpeech. Table II shows comparative results
on LibriSpeech. On Test-Clean, RUCL achieves a WER of
4.44%, outperforming Vanilla Conformer (5.33%) and D-
TASA-Transformer (5.66%), showing effective representation
refinement. On Test-Other, RUCL obtains 9.96% WER, signif-
icantly better than Wav2Vec 2.0 (13.3%). Unlike Ko et al. [7]
(10.21%) with pre-trained backbone, RUCL is trained from
scratch with a lightweight encoder and achieves lower error
rates on noisy data. This proves our hierarchical constraints
learn robust representations without large-scale pre-training.

TABLE I: Comparative experiments of different methods on
the AISHELL-1 dataset.The LM indicates whether an addi-
tional language model is used during decoding.

Model LM | Dev CER (%) | Test CER (%)
TDNN-LFMMI [23] v 6.44 7.62
SA-T [25] X 8.30 9.30
LAS [26] v - 8.71
ESPnet (Transformer) [27] v 6.00 6.70
Vanilla Transformer [31] X 6.10 6.78
R-TASA-Transformer [29] X 5.69 6.21
D-TASA-Transformer [29] X 5.57 6.06
Vanilla Conformer [22] X 5.05 5.78
R-TASA-Conformer [29] X 4.96 5.45
D-TASA-Conformer [29] X 4.84 5.21
RUCL (Ours) X 4.19 4.63

TABLE II: Comparison on LibriSpeech without Language
Model. The proposed RUCL employs a lightweight encoder
(d = 256) trained from scratch, contrasting with the larger
pre-trained architectures of SSL baselines (d = 768).

Model Encoder | Labeled | Dev Test
Dim (d) | Data [Clean Other | Clean Other

Self-Supervised Models

Wav2Vec 2.0 [8] 768 100h 6.1 13.5 6.1 13.3

HuBERT [9] 768 100h 5.5 13.0 | 63 13.2

Ko et al. (CTC) [7] 768 960h | 4.39 10.33 | 434 10.21

Supervised Models

Vanilla Conformer 256 960h 4.81 10.80 | 5.33 10.86

R-TASA-Transformer [29] 256 960h | 5.60 13.95| 570 13.79

D-TASA-Transformer [29] 256 960h 5.58 13.58 | 5.66 13.59

Proposed

RUCL (Ours) [ 256 ] 960h | 4.08 9.68 [ 444 9.96

C. Noise Robustness Experiment

To evaluate robustness, we added Gaussian noise (o €
[0.1,0.5]) to AISHELL-1 test FBank features. As shown in
Table III, performance degrades with noise for both mod-
els, while RUCL consistently outperforms Vanilla Conformer
across all levels. Notably, at strong noise (¢ = 0.5), RUCL
keeps CER at 4.74%, better than the baseline at milder o =
0.3. This excellent noise immunity confirms our hierarchical
constraints act as internal noise injection, improving tolerance
to external acoustic perturbations.

TABLE III: Comparison of CER (%) on AISHELL-1 test set
under different Gaussian noise levels (o).

Noise Level (o)
Model 01 02 03 04 05
Vanilla Conformer | 496 495 500 506 5.18
RUCL (Ours) 457 457 4.63 4.65 474

TABLE IV: Ablation study on the LibriSpeech dataset (WER,
%).

Model WER(%)
Dev Clean Dev Other Test Clean Test Other
Conformer(Lctc+Lar) [22] 4.81 10.80 5.33 10.86
+LKL 4.51 10.32 4.87 10.37
+LycL 4.32 10.46 4.73 10.30
+£KL+£UCL 4.08 9.68 4.44 9.96




D. Ablation Studies

Ablation studies on LibriSpeech (Table IV) verify the
effectiveness of each component. Adding consistency regu-
larization (Lxp) or unsupervised contrastive learning (Lycr)
alone reduces Test-Other WER from 10.86% to 10.37% and
10.30%. The joint optimization in RUCL achieves the best
performance, with WERs reduced to 4.44% (Test-Clean) and
9.96% (Test-Other). This demonstrates that hierarchical fusion
effectively enhances feature discriminability and prediction
stability.

Fig. 2: CER (%) on AISHELL-1 test set under different
hyperparameter combinations 3, .

E. Hyperparameter Analysis

We performed a grid search on hyperparameters S and ~y to
evaluate their effects. As shown in Fig. 2, the model achieves
optimal CER of 4.63% with § = 0.4 and v = 0.3. Results
show a stable region for 5 € [0.4,0.6] and v € [0.3,0.5].
Deviating causes performance drop: excessive 3 leads to over-
regularization, while large « overshadows the CTC objective.
This proves balanced weights are essential to maximize the
synergistic gains of RUCL.
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Fig. 3: Visualization of frame-level posterior probabilities
comparison between Baseline CTC and RUCL. The solid col-
ored lines represent non-blank tokens, while the gray dashed
line represents the blank token.

FE. Peak Suppression Analysis

We visualized frame-level posterior probabilities in Fig. 3.
Baseline CTC (Fig. 3(a)(c)) shows sharp spikes on single

frames, while RUCL (Fig. 3(b)(d)) yields much smoother
distributions with wider temporal coverage. This suppression
comes from consistency regularization: minimizing dropout
divergence penalizes narrow overconfident predictions. The
model learns temporal-shift robust representations. Such
smoothness regularizes the model and reduces overfitting
to training alignments. Combined with UCL discriminabil-
ity, RUCL balances recognition precision and generalization,
showing strong noise robustness.
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Fig. 4: t-SNE visualization of features learned by different
models.

G. Visualization Analysis

To explore the reasons for RUCL’s robustness, we visual-
ized latent representations via t-SNE (Fig. 4). Vanilla Con-
former (Fig. 4(b)) shows dispersed embeddings with blurry
boundaries, indicating standard CTC training fails to learn
compact representations and is sensitive to noise. Consistency
regularization (Fig. 4(c)) brings some aggregation but weak
separation between utterances. In contrast, RUCL (Fig. 4(a))
achieves high intra-sample compactness and inter-sample sep-
arability. By unsupervised contrastive learning, RUCL makes
the encoder learn invariant semantic features. This clear struc-
ture avoids feature drift under interference, verifying that
hierarchical constraints effectively refine feature space and
ensure strong robustness and accuracy.

V. CONCLUSION

We propose RUCL, a hierarchical framework that unifies
feature- and output-level consistency via intrinsic dropout. It
effectively mitigates prediction inconsistency and weak feature



discriminability in ASR. Using dropout to build multi-view
constraints, RUCL strengthens representation robustness and
stabilizes outputs without extra parameters or latency. Ex-
periments on AISHELL-1 and LibriSpeech show its superior
performance over strong baselines. Visualization verifies that
RUCL suppresses peaky CTC distributions, learns compact
clusters, and yields strong noise immunity.
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