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Abstract

Severe acoustic degradation is often caused by
overlapping noise, disfluencies, and environ-
mental distortions. This phenomenon results in
the dissolution of linguistic structures and the
generation of unreliable ASR outputs. Inspired
by human speech comprehension, we propose
Speech-MLM, a novel multimodal framework
that reframes ASR as semantics-guided speech
reconstruction. This perspective introduces
three core challenges: (C1) collapse of lin-
guistic structure under acoustic degradation,
(C2) semantic ambiguity under noise, and (C3)
misalignment across modalities. To address
these issues, we propose Speech-MLM, a multi-
modal ASR framework that integrates speech,
spectrogram-derived visual cues, and textual
variants to enhance robustness. It consists of:
(1) Cognitive Structure Extractor that recov-
ers prosodic structure from visualized acoustic
features, (ii) Semantic Weaver that learns se-
mantic equivalence across varied textual forms,
and (iii) Retrieval-Guided Fusion Learner that
unifies modalities within a shared semantic
space. Experiments on multiple real-world
noisy datasets demonstrate that Speech-MLM
achieves an average 38.85% reduction in WER,
while also attaining 98.71% BERTScore and
96.7% USE, over advanced baselines, demon-
strating substantial gains in semantic robust-
ness and generalization across domains.

1 Introduction

In real-world scenarios, speech rarely occurs un-
der clean or controlled conditions. Instead, it un-
folds across diverse and unpredictable noise en-
vironments shaped by speaker variation, environ-
ment diversity, and complex environment(Mujtaba
et al., 2024a). The mismatch between training en-
vironments and real-world variability gives rise
to systematic biases in ASR and has the capac-
ity to directly influence legal(Wang et al., 2024b),
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medical(Miner et al., 2020) and academic(Ezema
et al., 2025) outcomes. This engenders critical
concerns regarding the reliability and fairness of
ASR(Koenecke et al., 2024; Mujtaba et al., 2024b).
Thus, eliminating bias from structurally degraded
or domain-shifted speech is not only a technical
concern—it is a matter of social responsibility.

Recent years have seen considerable progress
in the field of ASR, due to the development of
LLMs(Hu et al., 2024a). In particular, a range of
industrial-grade ASR models pretrained on large-
scale corpora—such as OpenAl Whisper(Radford
et al., 2023), Alibaba Qwen2-Audio(Chu et al.,
2024), and ByteDance Seed-ASR(Bai et al,
2024)—have been released to the public, accel-
erating research and deployment. Pretraining and
data augmentation strategies have further improved
the robustness of models to speaker variability and
linguistic diversity(Wang et al., 2024a). Despite re-
cent progress, current systems remain ill-equipped
to address semantic degradation in complex acous-
tic environment—where noise distorts not only sig-
nal clarity but also meaning interpretability.

In stark contrast, human listening is not a tran-
scription task but a cognitively driven reconstruc-
tion process. When faced with noisy and ambigu-
ous signals, humans integrate multi-dimensional
cues—phonetic expectations, syntactic structures,
and real-world context—to reconstruct the intended
meaning(Li and Zhang, 2024). Inspired by this ca-
pability, we propose to reframe noise-robust ASR
from a transcription problem to a task of semantics-
guided speech reconstruction. However, acoustic
signals alone often provide insufficient informa-
tion for such inference, particularly in heavy noise
conditions. To address this, we incorporate cross-
modal contextual signals to facilitate semantic rea-
soning under uncertainty, enabling the model to
“fill in the gaps” just as a human listener would.

However, implementing this reconstruction
paradigm poses three key challenges: Firstly, Col-
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lapse of Linguistic Structure (C1). In noisy envi-
ronments, the acoustic cues for linguistic structure
(e.g. prosodic boundaries) are lost. Secondly, Se-
mantic Ambiguity under Noise (C2). Noise often
obscures important lexical items, creating signifi-
cant semantic ambiguity. Thirdly, Misalignment
of Semantics Across Modality (C3). The recon-
struction process relies on combining cues from
different modalities (e.g. audio patterns, visual
spectrograms and textual information). However,
these cues are often temporally misaligned or offer
conflicting information in the presence of noise.
To address these challenges, we introduce
Speech-MLM, a novel framework that operational-
izes semantics-guided reconstruction through three
synergistic components: To Reconstruct Linguistic
Structure (C1), the Cognitive Structure Extractor
treats the spectrogram as a visual landscape. In-
stead of relying on fragile acoustic cues, it identi-
fies stable, visually-salient patterns corresponding
to linguistic structure (e.g., phonemic emphasis).
This process constructs a robust structural back-
bone for the degraded speech, providing the nec-
essary scaffolding for downstream semantic infer-
ence. To Resolve Semantic Ambiguity (C2), the
Semantic Weaver leverages paraphrased textual pri-
ors to build a noise-invariant semantic anchor. By
learning to abstract the core meaning from multiple
phrasings of the same idea, it enables the model to
recover the intended message even when specific
keywords are acoustically corrupted or lost in the
noise. To fuse Misaligned Cross-Modal Cues (C3),
the Retrieval-Guided Fusion Learner projects the
audio, visual, and textual modalities into a unified
semantic space. Critically, the model does not rely
on perfect alignment across modalities. Instead,
it first handles modality-specific failures—such as
acoustic dropouts or missing visual cues—by selec-
tively retrieving the most reliable information avail-
able. This allows the model to reconcile conflicting
information and achieve a coherent, resilient tran-
scription that is robust to modality-specific failures
like acoustic dropouts or textual hallucinations.
Our main contributions are listed as follows:

* To the best of our knowledge, this is the first
attempt at reframing ASR from direct signal-to-
text transcription to cognitively inspired semantic
reconstruction. This provides a new lens to un-
derstand and tackle the problem of speech recog-
nition under uncertainty.

* We propose Speech-MLM, a novel multimodal

framework that systematically addresses the
core challenges of semantic reconstruction. It
uniquely integrates a Cognitive Structure Ex-
tractor to rebuild linguistic hierarchy from vi-
sual spectrogram cues, a Semantic Weaver to
infer meaning from abstract textual priors, and a
Retrieval-Guided Fusion Learner to unify mis-
aligned cross-modal information.

* Experiments demonstrate that our model
achieves a new state-of-the-art on diverse noisy
speech benchmarks. Speech-MLM significantly
improves recognition accuracy (e.g., reducing
WER by up to 38.85% over strong baselines
like Whisper), validating the superiority of the
semantic reconstruction paradigm.

2 Related Work

2.1 Audio LLMs

Audio LLMs predominantly encompass two dis-
tinct paradigms. Discrete approaches convert raw
audio into symbolic sequences. Models such as
HuBERT(Hsu et al., 2021) and w2v-BERT(Chung
et al., 2021) are employed to transform speech
waveforms into discrete semantic units. Repre-
sentative systems include AudioPalLM(Rubenstein
et al., 2023) and SpeechGPT(Zhang et al., 2023).
Continuous approaches utilize pre-trained audio
encoders to extract continuous embeddings from
audio waveforms. This design retains fine-grained
acoustic and prosodic information while allowing
flexible fusion with textual inputs. Notable exam-
ples include Qwen2-Audio(Chu et al., 2024) and
Seed-ASR(Bai et al., 2024), which demonstrate
strong performance in tasks involving speech-text
reasoning and generation.

2.2 Noise-robust ASR

Noise-robust ASR systems have made initial
progress, primarily through the mapping of noisy
speech features to a ’cleaner’ representation space
prior to recognition(Mehrish et al., 2023). Speech
enhancement methods, for instance, improve
speech quality by reducing background noise
through front-end modules(Fu et al., 2021); domain
adversarial training is dedicated to learning speech
representations that are insensitive to noise varia-
tions(Prasad et al., 2021); and some of the most
recent ASR foundation model rely on large-scale
data to enhance their adaptability to real speech
scenes(Koenecke et al., 2024). Alternatively, ASR
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candidate hypotheses are denoised at the seman-
tic level in the hidden space, thereby guiding the
model to identify and rectify potential errors in
the expression recovery process(Hu et al., 2024b).
However, their robustness in complex noisy envi-
ronments still faces significant challenges.

2.3 Multimodal Learning in Audio

Multimodal learning has emerged as a promising
direction for improving ASR robustness. Previous
studies have investigated the visual underpinnings
of speech through the use of lip reading or facial
dynamics(Wang et al., 2024c). However, these
methodologies predominantly depend on video in-
put, restricting their applicability to audio-only
scenarios. Recent studies use spectrogram-based
visual features to improve speech representation
learning, treating the time-frequency structure as
an image processed by a visual encoder(Gong et al.,
2022). Concurrently, cross-modal learning has
achieved progress(Zhang et al., 2024; Lin et al.,
2025) through retrieval augmented architectures
and shared semantic spaces, to align spoken and
written modalities, yet without addressing issues of
expression variability or structural degradation.

3 Methodology
3.1 Problem Definition

We formulate ASR in noisy environments as a cog-
nitively inspired process of structure and semantics-
guided speech reconstruction, grounded in the in-
tegration of linguistic priors extracted from cross-
modal cues under uncertainty. Let X jean € RT
denote the clean speech waveform, and Yy €
R’ the corresponding ground-truth transcription,
where T" and L represent the lengths of the input
and output sequences, respectively. In real-world
scenarios, what we observe is a noisy speech signal
X = N(Xean), where N (-) represents an un-
known real-world corruption noise (e.g., additive
background noise, clipping, speaker accents). Our
objective is to train an ASR model Fjy that predicts
a robust transcription Y given the noisy input X,
leveraging multimodal semantic priors:

YAv = F@ (X’ G(Eaudio:Etextual7Evisual) )7 (1)

where 0 represents the trainable parameters, and
Faudior Frextual, Evisual are modality-specific embed-
ding that simulate human perceptual processing by
extracting complementary features from textual,
audio, and visual views of the degraded input.

3.2 Overall Framework

Speech-MLM provides a cognitively inspired frame-
work for robust speech recognition under diverse
and unpredictable noisy conditions. The architec-
ture consists of three synergistic modules, as illus-
trated in Figure 1:

(i) Cognitive Structure Extractor: Extracts ba-
sic audio scaffolds from visual representations of
speech, simulating human attention to discourse
boundaries, and prosodic contours.

(ii) Semantic Weaver: Generates and encodes se-
mantically consistent paraphrases to model the di-
versity of linguistic expressions, enabling robust
semantic inference under ambiguity.

(iii) Retrieval-Guided Fusion Learner: Projects
audio, visual, and textual representations into a uni-
fied latent space, enabling effective modality fusion
and enhancing transcription robustness through
multimodal alignment.

3.3 Cognitive Structure Extractor

In noisy environments, the literal content of speech
(e.g. the specific representation of phonemes) may
be obscured, but the contextual semantic relation-
ships still exist. Cognitive Structural Extractor
adaptively converts the input speech sequence X
into an image representation and extracts under-
lying structural features, such as phoneme com-
position and resonance peak orientation, through
a JEPA-based visual encoder(Assran et al., 2025).
JEPA uses contextual embedding to predict the ab-
stract semantic vectors of the current block. This
makes the model robust to semantically consis-
tent but superficially different spectral segments in
noisy environments. The process is in Two steps:

* Basic Linguistic Scaffolds Encoding: The
short-time Fourier transform (STFT) extracts fre-
quency components from raw input X € R7, the
log mel spectrogram is computed as:

Mel = log (s (|STFT(X)? + e) )

where Mel € RY*W 'S is the Mel filter bank
matrix, and € is a small constant for numerical
stability. To capture prosodic patterns at mul-
tiple linguistic timescales, two parallel dilated
convolutional branches are applied to extract
phoneme-level and syllable-level features respec-
tively. Let Convyp(-) and Convyy(-) denote di-
lated convolutional layers with kernel sizes Ky
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Figure 1: The Framework of Speech-MLM.

and kgy corresponding to the average temporal
span of phonemes and syllables (kpy < ksy):

Mel,, = Convpy(Mel), 3)

Mels, = Convgy(Mel). 4

To retain the original spectral structure and fa-
cilitate information fusion, the original Mel is
also preserved as a base channel. The three spec-
trograms—original, phoneme-level, and syllable-
level—are concatenated along the channel dimen-
sion to form a 3-channel visual representation:

Mel, = Concat(Mel, Mely,, Melyy). (5)

This multi-resolution spectrographic image
(Mel, € R3>*H'>W'y gerves as the input to
downstream structural modeling modules.

JEPA-based Visual Encoder: To extract struc-
tural cues from the spectral representation, we
segment the 3-channel spectrogram Mel | along
the temporal dimension into n non-overlapping
frames, yielding a sequence of spectro-temporal
patches:

3xH'
{V17V27--->Vn}7 \Z ER % wa (6)

where w 1s the window width in time. Each frame
v; is fed into a pretrained visual encoder fjgpa
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, which is designed to learn hierarchical repre-
sentations from phonetic to semantic levels by
modeling the predictive relationships across local
contexts.

Ef/isual = fJEPA (Vz) S Rd, (7)

The visual encoder extracts representations
{El - Elyy} that reflect not only
phoneme- and syllable-level structrue, but also
abstract semantic content relevant to speech
recovery. Unlike contrastive objectives or
autoencoding, our encoder employs predictive
coding to estimate latent states of masked
patches (i1,...,ips) conditioned on visible
ones (ji,...,jn). The context encoder Fy
processes the visible patches to obtain latent

representations:
Zj = E,9 (’Uj) (8)

The target encoder Ej, whose parameters are up-
dated via an exponential moving average (EMA)
of Fy, produces the latent representations of the
masked patches:

zi = Eg(vi) )

The predictor P takes the visible representa-
tions z; together with positional encoding Ap;;
to predict the latent state of each masked patch
Z;. The training objective minimizes the squared



¢ distance between predicted and target latent
representations:

M
1
Lygpa = 7 ; 1Py (25, Apiy ) — zi, I3 (10)

This reduces sensitivity to noise perturbations
and provides a robust representation of semanti-
cally consistent, yet superficially different, spec-
tral fragments. This process yields basic linguis-
tic scaffolds embeddings that serve as input to
downstream semantic fusion and decoding mod-
ules.

3.4 Semantic Weaver

To enable the system to infer shared semantic intent
across diverse surface expressions, we introduce
the Semantic Weaver, a language-centric module
that models the symbolic, sequential, and syntac-
tic regularities underlying paraphrastic variation.
Given a noisy speech segment X, we first em-
ploy a pre-trained instruction-tuned audio-language
model Age, (Qwen2-Audio-7B-Instruct) to gener-
ate a set of semantically aligned paraphrases:

1 2 N >
{YIET‘ZLnS’ ngrc)ms? e ’Ygrazls} = Agen(X) : (11)
Each Yg)ans is a plausible transcription that pre-

serves the core intent of X', but may differ in lexical
choices, syntactic structure, or pragmatic framing.
The module then extract a shared semantic em-
bedding by applying a token-level cross-attention
mechanism between the original ASR transcription
thm of X and the generated paraphrase set:

Eiexal = CrossAtin(Yipans, {Y N ),
12)
where Eexua € RT*? denotes the token-level
fused embedding, capturing semantic consensus
across diverse expressions. By distilling this cross-
variant signal, the Semantic Weaver equips the sys-
tem with the ability to tolerate surface-level am-
biguity, allowing it to focus on intent-invariant se-
mantics during downstream fusion and decoding.

3.5 Retrieval-Guided Fusion Learner

To achieve effective cross-modal integration, the
Retrieval-Guided Fusion Learner uses audio as the
anchoring modality, to project the audio, textual,
and visual modalities into a shared semantic space.
This enables rich interactions among symbolic,

prosodic, and structural cues, while preserving fi-
delity to the original speech by retrieving acousti-
cally consistent representations based on similarity
to stored audio embeddings.

Cross-Modal Fusion. Let the audio input X be
encoded by a pre-trained audio encoder Eyygio (Rad-
ford et al., 2023), resulting in temporal embed-
dings:

Eaudio = gaudio(X>-

The textual and visual modalities are respectively
encoded and projected via learned transformations.
The projected embeddings are concatenated to ob-
tain the multimodal representation:

(13)

Emm == [&ext(Etextual)y gvis(EVisual)]- (14)

Audio and multimodal features are aligned through
a Cross-Modal Attention (CM-Attn) mechanism,
where audio embeddings act as queries and multi-
modal embeddings as keys and values:

E.m = LayerNorm(Eqyu4i0+CM-Attn(Q, K, V)).

(15)
.,heady,),

(16)
Here, Q@ = Egio, K =V = Eym and W ois a
learnable projection matrix. The residual connec-
tion with layer normalization stabilizes the output.

CM-Attn(Q, K, V) = W-Cat(head, . .

Gated Fusion. To balance the contributions of
each modality, we introduce a gating mechanism:

Gate = O'(Wg [Eaudio; Emm] + b9)7 (17)

Efysed = Gate © Eyqn + (1 - Gate) © Equdio ,

(18)
where W and b, are learnable parameters, and
o(+) is the sigmoid function. This fusion adaptively
emphasizes robust signals for semantic reasoning.

3.6 Cognitive Decoder

The fused representation is fed into Cognitive De-
coder to generate the final ASR response(Radford
et al., 2023). By leveraging the complementary
strengths of various modalities, the decoder cap-
tures both fine-grained patterns and high-level se-
mantic context. The optimization objective is a
token-level cross-entropy loss:

T

1 -

L = —T Z log P(Ytrue | X’ Q(Etextual7Eaudi0aEvisual))’
t=1

(19)
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where Y 1S the ground-truth tokens at timestep
t, and P(Yje | X;6) is the predicted probability
for the correct token conditioned on the noisy input
speech. The model parameters ¢ include modality
encoders and fusion layers, while the backbone
language model remains frozen during fine-tuning
to reduce overfitting and ensure robustness.

4 Evaluation

4.1 Evaluation Setting
4.1.1 Datasets

We evaluate our model on four benchmarks cov-
ering diverse real-world and synthetic noise con-
ditions, including vocalizations, natural sound-
scapes, domestic settings, and complex urban en-
vironments. CHiME-4(Vincent et al., 2016) fo-
cuses on noisy, far-field speech with real and
simulated multi-environmental recordings. VB-
DEMAND(Valentini-Botinhao et al., 2016) blends
clean utterances featuring various accents with a va-
riety of background noises from the DEMAND cor-
pus. Noizeus(Hu and Loizou, 2006) introduces syn-
thetic distortions across multiple Signal-to-Noise
Ratios (SNR) levels, allowing fine-grained control
of noise severity. GigaSpeech-ESC50(Chen et al.,
2021; Piczak, 2015) features speech with natural
disfluency and ambient variations of male and fe-
male speakers, combined with the diverse environ-
mental and artificial noises from ESC-50. Please
refer to the Appendix for more detailed information
on the processing of these datasets (Sec. A).

4.1.2 Metrics

We assess transcription quality using Word Er-
ror Rate (WER)(Morris et al., 2004) as the pri-
mary metric. To evaluate semantic preservation be-
yond surface form, we further report BERTScore
(BTS)(Zhang et al., 2019) and Universal Sentence
Encoder (USE)(Cer et al., 2018) similarity, cap-
turing both lexical overlap and embedding-level
meaning alignment.

4.1.3 Baselines

We compare Speech-MLM with six competitive
baselines:

Whisper(Radford et al., 2023): A strong open-
domain ASR pre-trained model.

Whisper (Finetune): Whisper finetuned on the
same noisy speech datasets as our model to adapt
to domain-specific degradations.
Qwen2-Audio(Chu et al., 2024): A recent large-
scale instruction-tuned audio language model.

Qwen2-Audio (Finetune): Qwen2-Audio further
finetuned for ASR under noisy conditions.
STAR(Hu et al., 2024a): A noise-robust ASR sys-
tem that leverages unlabeled noise data to improve
performance.

4.1.4 Implementation Details

We adopt ViT-L/16 (vjepa2-vitl-fpc64-256) as the
default visual backbone for all methods. Optimiza-
tion is performed using the AdamW optimizer with
a learning rate linearly warmed up from 3 x 10~7
to 3 x 10 over the first 10% of total training
steps. After warmup, the learning rate is scheduled
with CosineAnnealing, decaying to 3 x 1076 at
the end of training. During paraphrase generation,
we adopt the default setting (Temperature = 0.7).
All models are trained for up to 3 epochs, using
a batch size of 16. Experiments are conducted on
4 NVIDIA A800 GPUs (80GB), with distributed
training enabled across all devices.

4.2 Overall Performance

Table 1 compares Speech-MLM with representative
baselines on four diverse datasets.

* Robustness in Highly Challenging audio En-
vironments. Our model’s superiority is most evi-
dent in challenging noisy scenarios. When evalu-
ated on the CHiME-4 and VB-DEMAND—which
emulate challenging real-world noise scenar-
ios—Speech-MLM reduces WER to 13.09% and
1.77%, achieving reductions of 21.66% and 55.53%
over the best baseline. The performance gap is
even more dramatic on the Noizeus under extreme
low-SNR conditions. At 0dB SNR, Speech-MLM
achieves a WER of just 4.00%, marking a 69.4%
relative reduction compared to the best baseline.
As noise decreases, our model’s performance ap-
proaches perfection, reaching a 0% WER at 10dB.
* Superiority in Semantic Fidelity and Under-
standing. Beyond mere word-level accuracy,
Speech-MLM demonstrates a superior ability to pre-
serve semantic meaning, as measured by BTS and
USE similarity. This is critical for downstream
applications where understanding is paramount.
For instance, on Noizeus at 5dB SNR, while other
models struggle to maintain meaning, Speech-MLM
achieves near-perfect scores of 99.88 in BTS and
99.74 in USE. This trend continues across all
datasets, including GigaSpeech-ESC50, which em-
phasizes semantic fluency. At a low 10dB SNR,
Speech-MLM scores 98.53 in BTS and 95.91 in
USE, consistently leading all other models.
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Metric Model CHiME-4 | VB-DEMAND | Noizeus | GigaSpeech-ESC50
test_real test_simu dev_real devfsimu‘clean noisy ‘ 0 5 10 ‘ 0 10 20 30
Whisper (Frozen) 40.14 4225 37.71 39.28 | 5.80 8.63 [37.97 14.11 4.77 |29.01 22.75 21.90 21.82
Whisper (Finetune) 17.82 20.96 15.19 16.88 | 2.15 253 |27.20 9.13 2.07 |18.54 12.35 11.55 11.86
WER | Qwen2-Audio (Frozen) 38.55 36.37 33.78 31.26 | 1250 31.84 |47.10 14.11 8.92 |64.04 26.01 20.60 19.37
Qwen2-Audio (Finetune) 16.71 18.72 14.01 1483 |234 398 |13.07 539 145 [19.69 12.27 10.87 12.18
STAR 20.76 23.66 25.17 18.67 | 3.08 4.07 |27.39 10.17 3.73 |23.24 18.52 14.86 13.79
Ours 13.09 15.66 11.98 13.66 | 1.14 177 |4.00 041 0.00 [15.84 8.09 8.01 8.70
Whisper (Frozen) 94.77 94.35 95.27 9491 [99.31 98.80 |93.69 97.49 99.14 |95.92 97.23 97.46 97.51
Whisper (Finetune) 97.71 96.98 98.10 97.55 [99.75 99.75 |95.25 98.58 99.43 |96.44 98.04 98.32 98.27
BTS 1 Qwen2-Audio (Frozen) 93.53 90.24 94.80 9531 [94.57 90.21 |92.92 97.93 98.73 [85.52 90.84 89.99 87.42
Qwen2-Audio (Finetune) 97.46 97.07 97.99 97.61 (9499 94.84 |98.10 99.08 99.58 [95.88 97.03 97.30 97.35
STAR 95.40 95.03 95.59 96.14 [99.68 99.53 |94.82 98.15 99.45 [95.85 97.39 98.35 97.34
Ours 97.88 97.27 98.17 97.69 (99.93 99.87 |99.03 99.88 100.00|97.62 98.53 98.84 98.57
Whisper (Frozen) 85.95 83.58 89.32 87.52 |98.65 95.15 [62.34 90.39 97.12 |87.40 95.21 96.23 96.57
Whisper (Finetune) 96.06 91.92 97.30 95.49 [98.74 99.15 |77.41 95.18 99.33 [85.34 95.61 96.45 96.48
USE 1 Qwen2-Audio (Frozen) 80.00 55.32 85.25 87.44 |74.38 62.25 [62.17 91.68 96.59 |41.45 62.79 73.29 74.87
Qwen2-Audio (Finetune) 94.21 91.51 96.49 94.99 [97.95 96.67 |90.34 95.49 98.39 [84.46 92.05 93.40 93.65
STAR 83.82 81.26 84.14 86.72 |98.93 98.04 |75.66 93.69 97.90 |83.95 88.16 92.67 93.35
Ours 96.18 93.33 97.51 96.00 [99.72 99.18 |96.99 99.74 100.00 |87.84 95.91 98.05 97.18

Table 1: Performance Comparison across Multiple Datasets (% for BTS and USE).
Note: CHIiME-4 datasets include different test sets: test_real, test_simu, dev_real, and dev_simu. VB-DEMAND dataset is
divided into clean and noisy subsets. Noizeus and GigaSpeech-ESC50 columns report results under different SNRs.

Metric Model \ Noizeus \ GigaSpeech-ESC50
‘ SNR=0 SNR=5 SNR=10 ‘ SNR=0 SNR=10 SNR=20 SNR=30
Speech-MLM w/o T&I 27.20 9.13 2.07 18.54 12.35 11.55 11.86
WER | Speech-MLM w/o | 5.60 1.04 0.00 16.71 9.30 8.85 8.77
Speech-MLM w/o T 16.60 1.64 0.00 16.10 9.34 8.93 8.83
Speech-MLM 4.00 0.41 0.00 15.84 8.09 8.01 8.40
Speech-MLM w/o T&I 95.25 98.58 99.43 96.44 98.04 98.32 98.27
BTS 1 Speech-MLM w/o | 98.68 99.77 100.00 96.72 98.32 98.52 98.53
Speech-MLM w/o T 97.13 99.72 100.00 96.87 98.35 98.52 98.50
Speech-MLM 99.03 99.88 100.00 97.62 98.53 98.84 98.57
Speech-MLM w/o T&I 77.41 95.18 99.33 85.34 95.61 96.45 96.48
USE 1 Speech-MLM w/o [ 95.47 99.04 100.00 86.52 95.66 96.93 97.13
Speech-MLM w/o T 84.98 97.57 100.00 87.04 95.73 96.92 96.99
Speech-MLM 96.99 99.74 100.00 87.84 9591 98.05 97.18

Table 2: Ablation Study Results (% for BTS and USE).

In summary, Speech-MLM enhances robustness
to noise and distortion through multimodal inte-
gration, effectively mitigating the impact of audio
degradation while maintaining statistically signifi-
cant gains and efficient inference (Sec. E and B).

4.3 Ablation Study

To investigate the contribution of each component,
we conduct ablation experiments by removing the
Cognitive Structure Extractor (w/o 1), the Semantic
Weaver (w/o T), or both visual and textual compo-
nent (w/o T&I) from the full model, and by replac-
ing the Semantic Weaver with other audio LLMs
(Team et al., 2024; Kong et al., 2024) as shown in
Table 2 and 3.

* Removing the visual or textual modality leads

Metric  Semantic Weaver ‘ SNR=0 SNR=10 SNR=20 SNR=30

Gemma-2-0b-it 1757 1041 9.85 9.85
WERL " Audio Flamingo | 1592  10.65 921 9.70
Speech-MLM 1584 8.09 8.01 8.40
prs Gemma-29bic 9689 9805 9842  98.6
Audio Flamingo | 9696 9800 9874  98.64
Speech-MLM 97.62 9853 9884 9857
Usps  Gemma-2-9bi 89.18 9567 9729 9637
Audio Flamingo 89.64 95.62 96.78 97.16
Speech-MLM 8784 9591 9805  97.18

Table 3: Performance When Using Other Audio LLMs
on GigaSpeech-ESC50.

to a noticeable drop in WER, suggesting their crit-
ical role in disambiguating structural boundaries
in noisy environments. Notably, removing the
textual modality causes a substantial decline in
semantic metrics, especially on Noizeus, where
expression-level ambiguity is more prevalent. Re-
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placing the Semantic Weaver with other audio
LLMs also influences performance, though remain
outperform the w/o T configuration.

* When removing both component (w/o T&I), all
the metrics drop off sharply, confirming the inher-
ent limitations of systems that rely solely on the au-
dio modality when the noise causes the speech sig-
nal to be acoustically indistinguishable. These find-
ings confirm the complementary strengths of each
modality in capturing different facets of speech in-
formation, and underscore the importance of multi-
modal integration.

In addition, to disentangle the effect of seman-
tic abstraction from potential text-prior bias, we
conducted an additional ablation study on para-
phrase sources, with details provided in the Ap-
pendix (Sec. C).

4.4 Hyperparameter Study

test real test_simu
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20.0 98.0 96.5
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Figure 2: WER, BTS and USE Performance across
Different Paraphrasing Quantities on CHiME-4.

We analyze how the paraphrase hypothesis num-
ber N in Semantic Weaver affects model perfor-
mance. Results show consistent accuracy across
test_real, dev_real, and dev_simu datasets despite
varying NN, while test_simu exhibits distinct behav-
ior. As shown in Table 1, all models perform worse
on test_simu, suggesting its noise patterns are more
challenging for speech recognition. When employ-
ing a single paraphrase, Semantic Weaver exhibits
significant susceptibility to errors. Although in-
creasing the paraphrase number enhances semantic
recovery, this improvement is accompanied by the
introduction of additional noise, thereby compli-
cating the learning process. However, setting N
beyond 3 yields diminishing returns and slightly
reduces performance due to increased semantic
noise. This suggests that while diverse paraphrase
hypotheses enrich semantic representation, exces-
sive variation may introduce inconsistencies. com-
prehensive experimentation, we establish that em-
ploying three paraphrases represents the optimal
configuration.

14

12

10

mm
e noisy-audio
text
image
e clean-audio

4 6 8 10 12 14 16

Figure 3: UMAP Visualization of Audio (noisy/clean),
Text, and Image Embeddings.

4.5 Multimodal Analysis

To further investigate how multimodal integra-
tion enhances semantic representation, we visu-
alize the learned embedding space using UMAP
projections, as shown in Figure 3. We com-
pare the embeddings generated from individual
modalities—E,4io (clean vs. noisy), Eexwal, and
Eyisual- The visualization provides direct evidence
of how Speech-MLM constructs a noise-robust se-
mantic representation, yielding three key insights:
(i) Distinct and Complementary Modalities. The
projection reveals that each unimodal embedding
space forms a distinct cluster with minimal overlap,
indicating that each modality provides complemen-
tary, rather than redundant, information.
(ii) Acoustic Degradation Creates a Semantic
Gap. While the clean and noisy audio embeddings
show some overlap, a significant distributional shift
is evident, confirming the severe impact of noise
on the audio modality.
(iii) Cross-Modal Semantic Compensation. No-
tably, the embeddings from the text and visual
modalities substantially cover the regions of the
clean audio distribution that are lost or vacated by
the noisy audio embeddings.

This demonstrates that these modalities enrich
the representation with text and visual information,
compensating for the degradation in audio quality.

4.6 Case Study

Table 4 showcases a typical case that vividly illus-
trates the effectiveness of our Speech-MLM frame-
work. Here, multiple advanced baselines, including
Whisper and Qwen, systematically fail on critical
phrases like "Hedge," "may stain,"” and "green."
Even with fine-tuning on noisy data, these mod-
els still struggle due to their inability to differen-
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Model Utterance WER (%) | BTS (%) 1T USE (%) 1
Whisper(Frozen) Hedge apples may sustain your hands for me. 37.50 91.61 66.47
Whisper(Finetune) Edge apples may stain your hands green. 14.29 99.97 81.57
Qwen2-Audio(Frozen) Hedge apple made same your hands are green. 50.00 90.46 66.73
Qwen2-Audio(Finetune) Hedge apples made stain your hands green. 14.29 96.72 91.74
STAR Edge apples may stain your hands green. 14.29 99.97 81.57
Ours Hedge apples may stain your hands green. 0.00 100.00 100.00
Ground Truth Hedge apples may stain your hands green. - - -

Table 4: Case study of Speech-MLM. The test sample is selected from the Noizeus(SNR=10).

tiate acoustically confusable words like "hedge"
and "edge" under degraded signal conditions. In
contrast, Speech-MLM successfully reconstructs the
intended content through multimodal semantic rea-
soning. Furthermore, to address the limitation of re-
lying solely on proxy metrics (e.g., BTS and USE),
we conducted a small-scale human evaluation, with
results reported in the Appendix (Sec. D). By lever-
aging visual phonetic cues and textual priors, our
model goes beyond surface-level transcription to
infer the most plausible result.

5 Conclusion

This paper presents Speech-MLM, a cognitively in-
spired ASR framework that reframes speech tran-
scription as the recovery of structured meaning
under noise and ambiguity. Through the syn-
ergy of three modules: (i) Cognitive Structure Ex-
tractor capturing prosodic-syntactic anchors, (ii)
Semantic Weaver aligning textual variants, and
(ii1) Retrieval-Augmented Learner unifying cross-
modal signals. Our approach enables robust un-
derstanding in scenarios where traditional audio-
centric models fail. Empirical results across multi-
ple challenging benchmarks validate its effective-
ness, showing marked improvements over both gen-
eral and noise-specialized baselines—not only in
WER, but also in semantic preservation. By emu-
lating the cognitive mechanisms of understanding,
our approach contributes to building more robust
ASR systems.
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A Detail of Datasets

All datasets were processed using a unified and
fully reproducible pipeline. During noise mixing,
if a noise clip was shorter than the corresponding
speech utterance, it was repeated in a loop until the
full speech length was covered; if the noise clip
was longer, it was truncated to match the speech
duration.

For GigaSpeech—-ESC50, clean speech seg-
ments from the GigaSpeech(Chen et al., 2021)
dataset were randomly mixed with environmen-
tal and synthetic noise clips from ESC-50(Piczak,
2015). SNRs were uniformly sampled from {0, 10,
20, 30} dB. Each speech utterance was paired with
a randomly selected 3-5 s noise clip after ampli-
tude normalization. The resulting dataset was split
into training, validation, and test sets with a ratio
of 8:1:1, ensuring no speaker overlap across splits.

For CHiME4(Vincent et al., 2016), VB-
DEMAND(Valentini-Botinhao et al., 2016), and
Noizeus(Hu and Loizou, 2006), we strictly fol-
lowed the official dataset protocols, including their
predefined data splits and noise mixing configura-
tions.

B Real-Time Inference Efficiency

Model test_real test_simu
Whisper 0.1563 0.1406
Qwen2-Audio 0.8672 0.4844
Speech-MLM (Ours) 0.9062 0.4531

Table 5: End-to-end inference latency (seconds per sec-
ond of input audio) on CHiME-4.

To evaluate the computational cost introduced
by Speech-MLM, We analyze the inference latency
and scalability of Speech-MLM to verify that its
multimodal design does not introduce excessive
computational overhead or hinder real-time deploy-
ment. End-to-end inference latency is evaluated
on the CHiME-4 dataset (test_real and test_simu)
using a single NVIDIA A100 GPU. Latency is re-
ported as the processing time per second of input
audio, which directly reflects real-time feasibility.

As shown in Table 5, Whisper achieves the low-
est latency due to its lightweight, audio-only ar-
chitecture. Qwen2-Audio exhibits substantially
higher latency, reflecting the cost of large-scale au-
dio—language semantic modeling. Speech-MLM
shows latency comparable to Qwen2-Audio across

both subsets, indicating that the proposed multi-
modal semantic reconstruction does not introduce
a noticeable efficiency drop beyond a strong au-
dio-language backbone. the overall inference com-
plexity remains dominated by the backbone ASR
model, while the additional multimodal compo-
nents contribute only marginal overhead. This de-
sign prevents cascading latency growth as input
length or modality diversity increases, enabling
stable scaling across batch sizes and deployment
scenarios.

In practice, Speech-MLM consistently maintains
near—real-time performance (less than one second
per second of audio), demonstrating that its ro-
bustness gains are achieved without sacrificing ef-
ficiency. These results confirm that Speech-MLM
strikes a practical balance between semantic re-
silience and computational scalability, making it
suitable for real-world applications.

C Controlled Ablation on Paraphrase

Sources.

Metric Model \ test_real test_simu
Speech-MLM w/o Paraphrases 16.59 20.69

WER |  Speech-MLM Human Paraphrases 14.02 17.33
Speech-MLM (Ours) 13.09 15.66
Speech-MLM w/o Paraphrases 97.02 96.73

BTS 1T  Speech-MLM Human Paraphrases 97.72 97.01
Speech-MLM (Ours) 97.88 97.27
Speech-MLM w/o Paraphrases 96.18 92.33

USET  Speech-MLM w Human Paraphrases 94.99 96.51
Speech-MLM (Ours) 96.18 93.33

Table 6: Controlled ablation on paraphrase sources.

To disentangle the effect of semantic abstraction
from the strength of textual priors, we conduct a
controlled ablation study on the source of para-
phrases used in the Semantic Weaver. We compare
three variants under identical training and infer-
ence settings on CHiME-4: (i) Speech-MLM w/o
Paraphrases, where semantic weaving is disabled;
(i1) Speech-MLM w Human Paraphrases, using man-
ually curated alternative expressions of the same
utterances; and (iii) Speech-MLM (Ours), where
paraphrases are generated from noisy inputs by an
external LLM.

Table 6 reports results on both test_real and
test_simu. Introducing paraphrases yields consis-
tent improvements across all metrics. Compared
to the no-paraphrase baseline, both human- and
LLM-based paraphrases reduce WER by a sub-
stantial margin (e.g., from 16.59% to 14.02% and
13.09% on test_real), while simultaneously im-
proving semantic similarity as measured by BTS
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Category Metric / Rater ‘ S1 S2 S3 S4 S5 S6 S7 S8 S9 S10
Semantic Metrics BTS 95.10 99.93 98.56 99.87 9453 99.88 99.25 99.80 99.98 99.88
USE 91.04 99.72 89.63 99.18 96.10 99.74 100.00 100.00 90.62 100.00

Informativeness (R1) | 2.9 4.7 3.8 4.6 4.5 4.8 5.0 5.0 4.5 5.0

Informativeness (R2) 3.2 4.7 4.1 4.5 4.4 4.6 5.0 5.0 4.6 5.0

Informativeness (R3) | 2.8 4.5 3.6 4.7 44 4.8 5.0 5.0 4.5 5.0

. Naturalness (R1) 4.3 4.7 4.5 4.6 4.7 4.7 5.0 5.0 4.8 4.9

Human Evaluation  np, ainess (R2) 46 48 46 47 46 48 50 50 48 48

Naturalness (R3) 4.2 4.6 4.5 4.7 4.5 4.7 49 4.9 4.7 4.8

Quality (R1) 4.6 4.8 43 4.8 4.6 4.7 49 4.9 4.5 4.8

Quality (R2) 4.7 4.8 4.4 4.8 4.6 4.7 4.8 4.9 4.6 4.8

Quality (R3) 4.5 4.5 4.2 4.6 4.6 4.6 4.9 4.8 44 4.8

Table 7: Automatic semantic metrics and human evaluation results on ten sampled utterances. Human scores are
reported on a RankME scale (0.0-5.0), with three independent raters (R1-R3).

and USE. Notably, the performance gap between
human and LLLM paraphrases is small across all
metrics. On fest_real, LLM paraphrases achieve
the lowest WER (13.09%) and the highest BTS
(97.88%), while human paraphrases yield compa-
rable gains. This trend holds on fest_simu, where
both paraphrase sources consistently outperform
the no-paraphrase variant.

These results indicate that the observed robust-
ness gains do not stem from stronger or more ac-
curate textual priors, but from enforcing noise-
invariant semantic equivalence during training. In
other words, the Semantic Weaver benefits from
exposure to multiple meaning-preserving realiza-
tions of the same utterance, regardless of whether
these variants are authored by humans or generated
by an LLM. This confirms that the improvements
are driven by semantic abstraction rather than para-
phrase source or linguistic fluency.

D Human Assessment

While automatic metrics provide scalable and re-
producible evaluation, their reliability in assessing
semantic adequacy and acceptability remains lim-
ited in safety-critical and socially sensitive scenar-
i0s. Human judgment is still more trustworthy for
evaluating meaning preservation, informativeness,
and linguistic acceptability. To address this limi-
tation, we complement our automatic evaluation
with a small-scale human assessment study.

Evaluation Setup. We randomly sampled 10 ut-
terances (S1-S10) and asked three human partici-
pants (R1-R3) to independently evaluate both the
ground-truth transcripts and the corresponding sys-
tem outputs. Each utterance was rated on a 0-5 Lik-
ert scale (Joshi et al., 2015) along three dimensions
adapted from RankME (Novikova et al., 2018):

* Informativeness (Adequacy): Does the utter-
ance preserve all essential information from the
ground-truth meaning?

¢ Naturalness (Fluency): Could the utterance
plausibly be produced by a native speaker?

* Quality: An overall judgment considering gram-
maticality, fluency, and semantic adequacy.

Results and Analysis. Table 7 summarizes the
human ratings alongside automatic semantic met-
rics (BTS and USE). Across all samples, we
observe a strong qualitative alignment between
human-rated Informativeness and automatic seman-
tic similarity scores. Utterances with higher BT-
Sand USE consistently receive higher Informative-
ness ratings from human judges, suggesting that
these automatic metrics serve as reasonable proxies
for semantic fidelity in noisy ASR settings.

In contrast, Naturalness and Overall Quality
scores are consistently high across most samples,
even when Informativeness varies. This indicates
that while modern LLM-based generation produces
fluent and well-formed text, fluency alone does
not guarantee correct meaning reconstruction. Im-
portantly, our model demonstrates the ability to
transform fragmented or noisy acoustic evidence
into coherent, high-quality utterances, rather than
merely generating superficially fluent outputs.

Discussion. The consistency between human In-
formativeness judgments and BTS/USE trends sup-
ports the validity of our automatic evaluation pro-
tocol. At the same time, the divergence between
semantic adequacy and surface fluency highlights
the necessity of human assessment when evaluating
robustness and fairness in real-world ASR systems.
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CHiME-4 ‘ VB-DEMAND

Metric

Noizeus ‘ GigaSpeech-ESC50

test_real test_simu dev_real dev_simu ‘ clean noisy

5 0 | o0 10 20 30

WER | 13.0940.32 15.66+0.16 11.98+0.23 13.66:(:0.86‘ 1.14+£0.74  1.77£1.05 ‘ 4.00£3.83 0.41£0.58  0.00+0.00 ‘15.84:{:3‘50 8.09+0.94 8.01+0.51 8.70+0.72

BTS 1 97.88+0.38 97.2740.19 98.17+0.08 97.69i0.30‘99.93i0.06 99.87i0.12‘99.03i0.81 99.88+0.17 100.00i0.00‘97.62i0.32 98.53+0.02 98.84+0.24 98.57+0.20

USE 1 96.1840.37 93.33+0.88 97.51£0.30 96A00i1.07‘99.72i0411 99A18i0.46‘96.99i243 99.7440.37 100400i0.00‘87.84i2463 95.91£1.15 98.05+0.55 97.184+0.85

Table 8: Statistical performance of Speech-MLM, aligned with Table 1. BTS and USE are reported in percentage
(mean =+ std). Statistical significance is assessed using the Wilcoxon signed-rank test (normal approximation),
comparing Speech-MLM against the strongest baseline within each dataset group. Overall improvements are

statistically significant at p < 0.05.

E Statistical Significance Analysis

To evaluate the reliability and reproducibility of the
reported improvements, we conducted a thorough
statistical analysis of all the datasets and evalua-
tion metrics. Specifically, we repeated all experi-
ments under five different random seeds and report
the mean and standard deviation for each config-
uration. Additionally, we performed a Wilcoxon
signed-rank test to compare Speech-MLM with the
strongest baseline in each dataset group, in line
with standard practice for the non-parametric.

Table 8 summarises the statistical performance
of Speech-MLM across all datasets and metrics
(WER, BTS and USE). The observed gains are con-
sistent across five random seeds and are statistically
significant at the p < 0.05 level. This confirms that
the improvements reported in the main paper are
not driven by a particular initialization or isolated
runs, but reflect stable and repeatable behavior. We
note that certain settings—most notably Noizeus
at high SNR levels—exhibit extremely low WER
values (e.g., 0.00% at 10 dB). Importantly, these
cases are accompanied by near-zero variance across
random seeds, indicating convergence rather than
instability. Similar stability trends are also reflected
in the corresponding BTS and USE scores, which
reach saturation with negligible variance.

Overall, the combination of multi-seed evalua-
tion, variance reporting, and non-parametric signif-
icance testing demonstrates that the gains achieved
by Speech-MLM are statistically robust and gener-
alize consistently across datasets and noise condi-
tions. These results strengthen the empirical foun-
dation of our claims and enhance the reproducibil-
ity and reliability of the proposed approach.

F Limitation

Although Speech-MLM performs well, there re-
mains substantial room for further improvement:

* Although the proposed framework effectively al-
leviates semantic ambiguity in noisy conditions
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by using multimodal semantic reconstruction, we
have not yet systematically characterised the con-
ditions in which reconstruction errors arise. For
instance, it is unclear whether particular noise
types, incomplete modality cues or semantically
ambiguous inputs invariably result in erroneous
reconstructions. Specifically, the gating mecha-
nism is optimized to balance text-derived seman-
tic priors with raw acoustic and visual evidence.
When a rare word is clearly articulated, the Cog-
nitive Structure Extractor captures distinct pho-
netic boundaries that guide the gating mecha-
nism to emphasize acoustic and visual modali-
ties, thereby preserving the authentic pronunci-
ation. Nevertheless, we acknowledge that if the
acoustic evidence of an OOV word is severely
corrupted or completely masked by noise, textual
priors may dominate, potentially resulting in a
fluent but normalized substitution. Further refin-
ing error patterns and systematically analysing
deviations will enhance the reliability and inter-
pretability of this framework, and these remain
key areas for future work.

Although we report on inference latency and
demonstrate near-real-time performance across
multiple benchmark datasets, practical deploy-
ment constraints in real-world settings, such as
call centres, healthcare environments, and stream-
ing ASR systems, remain under-explored. A
key area for future research is evaluating robust-
ness and scalability under sustained workloads,
in resource-constrained conditions.

Speech-MLM relies on a audio—language model
to generate intermediate semantic variants.
While this design enables richer semantic abstrac-
tion, it inevitably introduces additional compu-
tational overhead. In extreme cases, failures or
hallucinations during the variant generation stage
could lead to cascading errors in downstream se-
mantic reconstruction. Although our empirical
results suggest that such risks are relatively well
controlled in practice, systematic evaluation of



paraphrase quality, robust fallback mechanisms,
and lightweight alternatives remain important av-
enues for strengthening the framework. Incorpo-
rating human-in-the-loop or cognitively informed
evaluation mechanisms could also help to im-
prove fairness and reliability.
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