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Automatic speech recognition (ASR) in multilingual settings remains vulnerable to nonstationary noise,
code-switching, accented pronunciation, limited labeled data, and ambiguity among acoustically similar
words. This paper proposes a hybrid speech-text foundation model integrating a pretrained multilingual
acoustic encoder, a noise-aware feature adaptation module, a multilingual text encoder, and confidence-
gated cross-modal decoding. The system combines acoustic likelihood with contextual linguistic evidence
while controlling semantic overcorrection through uncertainty-aware fusion. A reproducible evaluation
protocol is specified for clean and noise-corrupted multilingual corpora, including low-resource languages
and mixed-language utterances. Word error rate (WER), character error rate (CER), language identification
accuracy, real-time factor, and calibration are proposed as evaluation measures. Illustrative numerical
scenarios are provided solely to demonstrate the planned comparative and ablation analyses; they are not
measured experimental outcomes. The proposed architecture offers a testable research direction for
resilient multilingual transcription under practical deployment constraints.
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INTRODUCTION

Automatic speech recognition converts spoken utterances
into textual sequences and is central to accessibility tools,
conversational agents, meeting transcription, public-service
interfaces, and voice-operated industrial systems. Although
recognition quality has improved substantially, accuracy is
not uniform across languages, acoustic environments, or
speaker populations. Many deployed systems perform well
for standardized speech recorded with high-quality
microphones but degrade when faced with reverberation,
traffic noise, overlapping voices, regional accents, and
spontaneous code-switching. These conditions frequently
occur together, making multilingual recognition a
compound rather than an isolated modeling problem.

A multilingual speech signal carries information at
several levels. The waveform encodes phonetic events,
speaking rate, intonation, microphone response, and
environmental interference. The transcript reflects a

language-dependent writing system, lexical choices,
grammatical conventions, and domain-specific meaning.
Recognition models that focus exclusively on the acoustic
pathway may struggle to resolve competing hypotheses
when noise masks short consonants or weak syllables.
Conversely, language-heavy decoders may produce fluent
but unsupported words when the speech signal is uncertain.
Reliable transcription therefore requires an explicit balance
between acoustic evidence and textual plausibility.
Traditional ASR pipelines separated feature extraction,
acoustic modeling, pronunciation lexicons, and language
modeling. Such systems offered modularity but required
considerable linguistic engineering and often failed to
generalize to new languages. End-to-end neural approaches
reduced these dependencies by learning direct mappings
from audio to token sequences. Connectionist temporal
classification, attention-based encoder-decoder systems,
and transducer models each provide mechanisms for
aligning variable-length speech with textual outputs. Their
effectiveness nevertheless depends on suitable training
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distributions and sufficient coverage of pronunciation and
environmental variability.

Self-supervised pretraining transformed this landscape
by allowing speech encoders to learn useful representations
from large collections of unlabeled recordings. Multilingual
pretraining further encourages shared acoustic structure
across languages, permitting adaptation when labeled
examples are scarce. However, language-independent
features alone cannot fully resolve orthographic ambiguity,
rare named entities, or rapidly changing terminology.
Speech-text integration is attractive because written
material is often easier to obtain than accurately aligned
multilingual speech recordings, although text corpora also
introduce their own biases and quality concerns.

Noise robustness is especially challenging because real
acoustic interference differs from idealized additive white
noise. A field recording may contain transient horns,
machinery, music, reverberant reflections, competing
speech, packet loss, or clipping. Noise may alter both
spectral  characteristics and temporal boundaries,
disrupting attention alignment and token prediction. Models
trained only on clean speech can learn fragile cues that
disappear at low signal-to-noise ratios. Robust evaluation
must therefore include several noise classes and severity
levels, along with unseen acoustic conditions rather than
only familiar augmentation patterns.

Language diversity creates another difficulty. High-
resource languages benefit from large transcribed corpora,
standardized text normalization, and mature evaluation
conventions. Low-resource languages may have multiple
scripts, inconsistent spelling, dialectal variation, or limited
digital text. Transcription can also involve mixed-script
utterances and borrowed terms. In code-switched speech, a
single sentence may contain lexical items from two or more
languages, and an utterance-level language identifier can be
insufficient. The recognizer must preserve local language
transitions without forcing all words into a single
vocabulary.

Foundation models offer a useful starting point because
pretraining across tasks and languages produces reusable
representations. Yet a foundation model is not automatically
robust, fair, or computationally efficient. Model scale can
increase inference cost and memory requirements, which
matters for mobile devices, rural connectivity, and latency-
sensitive applications. A practical design should permit
parameter-efficient adaptation, selective use of expensive
text reasoning, and predictable decoding time. It should also
distinguish genuine improvements in acoustic recognition
from gains caused by aggressive linguistic rewriting.

The central research hypothesis in this study is that
uncertainty-aware  fusion of multilingual acoustic
representations and textual context can improve
recognition under noise while avoiding unsupported
corrections. The proposed hybrid model first estimates
acoustic tokens and language cues, then retrieves contextual
information from a multilingual text encoder. A learned gate
weighs the reliability of each stream using acoustic

confidence, noise severity, and language uncertainty. When
the audio evidence is strong, the gate prioritizes faithful
transcription; when it is weak, textual evidence can assist in
ranking plausible alternatives without freely generating
unrelated content.

This design differs from simple post-processing, in
which a language model rewrites an entire ASR transcript
after decoding. Instead, cross-modal information is
introduced within hypothesis scoring and constrained by
the acoustic lattice or candidate set. Such constraints are
important for names, numerical expressions, and
specialized vocabulary, where a fluent correction may be
factually incorrect. The system also employs augmentation
and consistency regularization to reduce sensitivity to
perturbations, and language-balanced sampling to avoid
allowing dominant languages to overwhelm smaller ones.

The contributions of this paper are a modular hybrid
speech-text architecture, a confidence-gated fusion
mechanism, a combined training objective, and an
evaluation framework spanning multilingual accuracy, noise
robustness, code-switching, efficiency, and calibration. The
study additionally provides an ablation plan that can isolate
the effect of acoustic pretraining, denoising, text context,
and gating. Because actual model training has not been
conducted for this manuscript, all proposed performance
figures are illustrative and are not represented as empirical
discoveries. The resulting document is a research design
and publication-ready methodological draft pending real
experimentation.

RELATED WORK

Large-vocabulary speech recognition initially relied on
probabilistic acoustic models, pronunciation dictionaries,
and statistical language models. Hidden Markov model
systems captured temporal variation through state
transitions, while Gaussian mixtures and later deep neural
networks estimated acoustic likelihoods. Their modular
construction facilitated targeted optimization, but it also
required language-specific phonetic resources and
complicated engineering. End-to-end systems subsequently
simplified the pipeline by optimizing transcript likelihood
directly, although sequence alignment and decoding
remained major challenges.

Connectionist temporal classification (CTC), introduced
by Graves and colleagues, addressed unsegmented sequence
labeling through a blank symbol and a sum over valid
alignments. Its conditional independence assumptions
support efficient inference but can limit contextual
modeling. Attention-based sequence-to-sequence systems
model dependencies among output tokens more explicitly,
at the cost of potentially unstable alignments for long
recordings. Recurrent neural network transducers combine
streaming alignment and autoregressive prediction and
have become important for low-latency recognition. These
approaches provide complementary design principles for
the proposed hybrid decoder.
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Baevski et al. demonstrated that wav2vec 2.0 can learn
strong acoustic representations through contrastive self-
supervision on raw audio. Its masked latent modeling
reduces dependence on expensive manual transcription and
supports fine-tuning for speech recognition. Cross-lingual
extensions explored the possibility that phonetic
representations transfer across languages. Conneau et al.
reported multilingual self-supervised speech
representations that improved low-resource adaptation,
supporting the argument that acoustic knowledge need not
be learned independently for every language.

XLS-R expanded multilingual representation learning
through large-scale pretraining across 128 languages. Babu
et al. showed that increasing the linguistic breadth and scale
of unlabeled audio can improve speech recognition and
related speech tasks. The approach is particularly relevant
when labeled examples are limited but raw speech can be
collected. However, broad pretraining does not guarantee
consistent performance for every dialect or noise type, and
a model trained on uneven language distributions may still
show systematic gaps across communities.

Radford et al. introduced Whisper as a large-scale
weakly supervised approach trained on hundreds of
thousands of hours of multilingual and multitask audio. The
work demonstrated strong transfer to diverse recognition
conditions and helped establish large pretrained encoder-
decoder models as general-purpose speech systems. Its
success highlights the value of heterogeneous training data,
but weak supervision can also contain transcription noise,
mismatched segments, and language imbalances.
Consequently, robust deployment still requires domain-
specific validation rather than assuming universal
performance.

Multilingual benchmarks have become crucial for
measuring generalization beyond a few well-resourced
languages. FLEURS, proposed by Conneau et al., provides
parallel speech material across 102 languages and supports
recognition and language identification research. Such
benchmarks make it possible to compare performance
across language families and writing systems. Nevertheless,
benchmark speech is not a complete substitute for
uncontrolled recordings, spontaneous conversations, code-
switching, or noisy public environments. Evaluations should
combine established corpora with carefully documented
perturbations and, where permitted, natural field audio.

The role of textual language modeling in ASR predates
neural foundation models. N-gram language models,
recurrent language models, and Transformer language
models have been used to rescore acoustic hypotheses.
Shallow fusion interpolates language-model scores during
decoding, while rescoring revisits an N-best list after an
initial pass. These methods can reduce lexical errors when
contextual information is accurate, but overly strong text
priors may override genuine acoustic evidence. The
resulting hallucination risk is particularly serious when the

input is silent, heavily corrupted, or contains unfamiliar
proper nouns.

Cross-modal learning attempts to connect speech
representations with text semantics more directly. Shared
embeddings, contrastive  alignment, speech-to-text
pretraining, and multimodal sequence modeling can help
establish correspondences between acoustically different
expressions and related linguistic meanings. This
connection is promising for multilingual recognition
because semantically similar phrases may appear across
different languages. However, semantic similarity is not
equivalent to transcript correctness: the goal of ASR is to
reproduce what was spoken, not to paraphrase its intended
meaning. Therefore, cross-modal objectives require
transcript-preserving constraints.

Noise-robust ASR research commonly uses speed
perturbation, reverberation simulation, spectral masking,
additive environmental noise, and speech enhancement.
SpecAugment demonstrated the utility of masking time and
frequency regions during acoustic training. Enhancement
front ends can improve intelligibility in some conditions, but
artifacts introduced by denoisers may remove weak
phonetic cues. Joint training and consistency objectives can
reduce this mismatch by encouraging the recognizer to
produce stable transcripts for clean and perturbed versions
of the same utterance.

Code-switching and low-resource evaluation expose
weaknesses in conventional language conditioning. Systems
that select one language for an entire utterance may
mishandle local transitions, while large shared tokenizers
can underrepresent less common scripts. Balanced
sampling, language-aware adapters, character-level error
reporting, and segment-level language identification offer
possible remedies. Recent multilingual spoken-language-
understanding work also emphasizes that accurate
recognition and semantic interpretation are related but
distinct capabilities. This paper builds on these findings by
treating contextual text as a calibrated auxiliary signal, not
as a replacement for acoustic grounding.

PROPOSED METHODOLOGY

Problem formulation and architecture

Let x = (Xy,...XT) be a noisy waveform, |1 a language or
language-mixture label, ¢ optional domain context, and y
(V1,---yU) the target transcript. The goal is to estimate y*
argmax_y P(y | x,c) under constraints on error rate, latency,
and unsupported text generation. The architecture contains
(i) waveform normalization and augmentation, (ii) a
multilingual speech foundation encoder, (iii) noise-aware
adapters, (iv) a multilingual text-context encoder, (V)
confidence-gated cross-modal fusion, and (vi) constrained
beam decoding.
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Figure 1: Proposed end-to-end workflow of the hybrid speech-text recognition system.

Acoustic representation and noise adaptation

A multilingual encoder 8 converts the waveform into latent
acoustic features Hs = f8(x). A lightweight noise adapter go
transforms these features using estimated signal quality q:
Hn = gop(Hs,q). Noise augmentation samples a corruption
operator A from a predefined family, producing X =
A(x;SNR,r), where SNR is signal-to-noise ratio and r denotes
reverberation conditions. Augmentation must be applied
only to training data, and evaluation corruption seeds must
be held fixed for reproducibility.

Hs = f8(x), Hn = g (Hs, q), X = A(x; SNR, r) (D

Speech-text fusion

The text encoder produces Ht = eys(c,h), where h denotes N-
best acoustic hypotheses or retrieved domain vocabulary.
Cross-attention uses acoustic states as queries and text
states as keys and values. A confidence gate at€[0,1]
depends on acoustic entropy, estimated noise severity, and
language uncertainty. This gate prevents context from
dominating when acoustic evidence is reliable.

Ct = softmax[(HnWQ)(HtWK)™ / Vd] (HtWV) (2)
at = o(wT[Hn,t; Ct; qt; ut] + b), Zt = (1-at)Hn,t + atCt 3)
Here WQ, WK, and WV are trainable projections, d is
attention dimensionality, o is the logistic sigmoid, qt is the
noise-quality descriptor, and ut measures predictive
uncertainty. Fusion states Z are passed to a transcript
decoder, with an acoustic-consistency penalty on candidate
sequences that lack sufficient support in the speech model.

Training objectives

L =21 LCTC + A2 Lseq + A3 Lcontrast + A4 Lcons + A5 Llang + A6

Lcal (4)
LCTC is the alignment-based transcription loss; Lseq is
teacher-forced token cross-entropy; Lcontrast aligns paired
speech and text embeddings using positive and in-batch
negative pairs; Lcons encourages stable predictions across
clean and augmented recordings; Llang supervises language
identification; and Lcal penalizes overconfident incorrect
predictions. Coefficients Ai are selected on a validation set,

not on held-out test data. When paired text is unavailable,
the contrastive term is disabled for that example.

Leons = DKL[PO(:|x) || PO(-|%)] (5)

Decoding, data protocol, and evaluation

During inference, a beam search scores candidate
transcripts using acoustic, sequence, and text-context terms.
The text weight is adaptively reduced when evidence for the
candidate is inconsistent with the audio. Silence detection
and minimum acoustic-support thresholds are applied to
reduce fabricated words. The proposed study should use
speaker-disjoint train/development/test partitions and
language-balanced batches. Publicly documented sources
such as FLEURS and Common Voice can support
multilingual evaluation; noise may be added at 20, 10, 5, and
0 dB SNR with separate stationary and nonstationary
categories. Real recordings should supplement synthetic
noise when licensing and consent permit.

Score(y) = log Pacoustic(y|x) + B(x) log Ptext(y|c) -y (6)
Halluc(y,x)

WER = 100(S + D + I)/N; CER = 100(Sc + Dc + Ic)/Nc  (7)

S, D, and I denote word substitutions, deletions, and
insertions; N is the number of reference words. The
character counterparts are indexed by c. Report macro-
averaged language WER in addition to pooled WER to avoid
obscuring weak-language performance. Real-time factor
(RTF) is inference duration divided by audio duration;
smaller values indicate faster processing. Statistical
uncertainty should be assessed with paired bootstrap
resampling by utterance and repeated training seeds.

RESULTS AND DISCUSSION: ILLUSTRATIVE
SCENARIOS

IMPORTANT: The following values are hypothetical,
internally consistent example outputs intended to illustrate
the proposed reporting format. No training run, benchmark
evaluation, or statistical test was performed for this
manuscript. These values must not be presented as
observed findings or cited as evidence of model superiority.

Illustrative model comparison
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Table 1: Hypothetical model comparison. Lower WER, CER, and RTF are preferable; accuracy and computational cost must be assessed together.

System

Clean WER (%) 10 dB WER (%) 0 dB WER (%) CER (%) RTF
CTC baseline 15.8 24.7 40.5 10.2 0.19
XLS-R fine-tuned 12.6 20.4 34.1 8.4 0.31
Speech encoder + text  11.9 18.8 31.6 7.9 0.39
rescoring
Proposed hybrid 10.7 16.3 27.9 7.0 0.43

(illustrative)

Illustrative WER by noise condition

40 - = CTC
s XLS-R

Bl Text rescoring
. Hybrid

Word error rate (%)

Clean

10 dB SNR

0 dB SNR

Figure 2: Hypothetical noise-condition comparison; plotted values are not measured results.

In this illustrative scenario, the hybrid system exhibits a
lower error rate at every evaluated noise level, with a larger
absolute advantage under severe corruption. Such a pattern
would support the hypothesis that contextual fusion is most
helpful when acoustic information is unreliable. However,
this inference is conditional: real experiments must
determine whether the improvement persists across

speakers, languages, unseen noise, and multiple training
seeds. The higher RTF in the example also illustrates a
practical trade-off between recognition accuracy and
decoding cost.

Illustrative language-level analysis

Table 2: Illustrative language-wise errors, not benchmark measurements.

Language condition Acoustic-only WER (%) Hybrid WER (%) Absolute difference (pp)
English 12.0 10.4 1.6
Hindi 19.1 15.5 3.6
Spanish 14.2 11.9 2.3
Arabic 21.0 17.6 3.4
Code-switched Hindi-English 28.5 22.8 5.7

The illustrative code-switching gap suggests a useful
target for experimental investigation: language-aware
context might be especially valuable when word boundaries
and vocabulary choices shift within an utterance. A real
study should include segment-level language labels and
evaluate transliteration and punctuation separately. Macro-

averaged results, speaker breakdowns, and confidence
intervals are necessary to distinguish robust cross-lingual
gains from dataset composition effects.

Illustrative ablation study
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Table 3: Hypothetical ablation results designed to show the required experimental analysis.

Configuration 10 dB WER (%) 0 dB WER (%)
Full hybrid model 16.3 27.9
Without noise-aware adapter 18.2 31.0
Without text-context encoder 19.0 32.4
Without confidence gate 17.8 30.6
Without consistency regularization 17.4 29.8

Ablation testing should hold training data, compute
budget, decoding parameters, and random seeds as constant
as feasible. If removing the text encoder increases WER but
decreases insertion errors, that outcome would indicate a
meaningful trade-off requiring further -calibration. In
addition to average error, report hallucination rate on
silence and nonspeech audio, proper-noun accuracy, worst-
language WER, and expected calibration error. Error
inspection should categorize substitutions caused by
acoustic masking separately from language-model
overcorrection.

LIMITATIONS AND REPRODUCIBILITY

The proposed system may require substantial memory and
inference compute, and its performance may depend on the
availability of high-quality multilingual text. Noise
augmentation cannot represent all real recording
conditions, while text retrieval may introduce bias or
privacy concerns. The use of an external language model
creates a risk of fluent but inaccurate output. Future
implementation must publish model checkpoint identifiers,
dataset versions and licenses, audio preprocessing, text
normalization rules, hyperparameters, hardware, training
seeds, inference settings, and full per-language results. Any
comparisons must use matching evaluation splits and
normalization conventions. The illustrative figures in this
manuscript cannot support a statistical significance claim.

CONCLUSION

This paper presents a methodological framework for
multilingual ASR that combines a pretrained speech
encoder, noise-aware acoustic adaptation, multilingual
textual context, and uncertainty-controlled cross-modal
fusion. Its design aims to address noisy recordings, low-
resource languages, code-switching, and hallucination-
prone decoding while preserving acoustic fidelity. The
proposed training objective integrates transcription, cross-
modal alignment, perturbation consistency, language
supervision, and calibration. A detailed experimental
protocol specifies relevant benchmarks, noise conditions,
error metrics, and ablation comparisons. Illustrative tables
and a graph demonstrate how empirical results should be
reported, but do not establish performance gains. The
principal next step is to implement the model and evaluate

it against reproducible baselines with statistical uncertainty,
fairness analysis, and realistic deployment measurements.
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