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Abstract

Large Audio-Language Models have made sig-
nificant advances in audio-text instruction fol-
lowing and multimodal interaction. However,
due to their text-conditioned generation archi-
tecture, current LALMs tend to be overly influ-
enced by input text prompts. When acoustic ev-
idence conflicts with textual prompts, incorrect
or irrelevant textual cues may steer model pre-
dictions away from the audio. In this work, we
systematically analyze this challenge and show
that representative LALMs exhibit a persistent
audio-text imbalance during decoding, where
attention to audio tokens is weakened across
generation steps. To address the imbalance, we
propose Modality-Specific Gating (MSG), an
acoustic calibration mechanism that improves
audio grounding with a small number of ad-
ditional parameters. MSG introduces a token-
wise, query-conditioned bias to the attention
logits of audio tokens before softmax, while
leaving the original attention computation un-
changed. With parameter-efficient fine-tuning,
MSG enhances acoustic evidence utilization,
improving performance on vocal sound clas-
sification and speech emotion recognition and
substantially strengthening robustness under
adversarial or irrelevant text prompts, while ex-
hibiting a measurable robustness—faithfulness
trade-off when textual cues are reliable.

1 Introduction

Large audio-language models (LALMs) aim to
acquire auditory understanding capability beyond
speech transcription (Tang et al., 2024; Chu et al.,
2024; Deshmukh et al., 2023). Recently, the field
has been shifting from cascaded pipelines (Huang
et al., 2024) to end-to-end architectures that couple
an audio encoder with a pre-trained textual LLM,
leveraging the LLM’s strong language modeling
and instruction-following capabilities for acous-
tic understanding (Zhang et al., 2023; Chu et al.,
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Audio : i (GT: laughing)

Question : What is the speaker doing in the audio? The
person is likely coughing. (mislead)

Answer : She (s laughing.
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=)
Qwen x MsSG

Figure 1: Comparison between mainstream LALMs and
our MSG on acoustics-grounded understanding under
misleading text prompts.

2024). Empirically, LALMs have demonstrated
strong capabilities across diverse audio-centric
tasks (Yang et al., 2024; Poria et al., 2019; Gong
et al., 2022). However, this architecture may weigh
textual prompts more heavily than acoustic inputs
due to the stronger compatibility between text to-
kens and the core LLM component. Under con-
flicting audio-text instructions (Wang et al., 2025a;
Chen et al., 2026; Cheng et al., 2025), LALMs can
be steered toward text-biased predictions that devi-
ate from the actual acoustic evidence, as illustrated
in Figure 1.

Researchers have also become increasingly
aware of modality bias in multimodal foundation
models. Existing studies have exposed language-
dominant failures under distribution shifts or cross-
modal conflicts through controlled evaluations
(Agrawal et al., 2018; Wang et al., 2025a), and have
proposed various mitigation strategies, including
training-time debiasing (Cadene et al., 2019; Niu
et al., 2021; Liu et al., 2024), decoding-stage analy-
sis and rebalancing (Shani and Basirat, 2025), and
training-free inference-time interventions (Wang
et al., 2025b). However, these studies are mainly
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limited to vision-language settings. A quantita-
tive and interpretable characterization of audio-
language interplay during the autoregressive de-
coding process of LALMs is still missing in the
literature.

This work provides a quantitative and in-
terpretable characterization of modality bias in
LALMs by computing Modality-Specific Attention
(MSA), which traces how attention is allocated
across audio and text tokens during autoregressive
decoding. The results show that, under conflict-
ing audio-text cues, attention shifts from acoustic
keys toward textual keys, leading the model to rely
more on textual semantics and produce text-biased
answers.

The analysis motivates us to propose Modality-
Specific Gating (MSG), a simple yet efficient
method that explicitly regulates audio-text attention
competition within decoder self-attention. Specif-
ically, MSG is applied within each decoder layer.
An additive bias is computed from the layer-wise
decoder hidden states and added to the pre-softmax
attention logits of audio tokens, explicitly boosting
audio attention at each decoding step while pre-
serving the standard attention computation. As a
plug-and-play module, MSG can be learned via
parameter-efficient fine-tuning with the backbone
frozen, introducing only a small set of gating pa-
rameters. Experimental results demonstrate that
MSG improves robustness under audio-text con-
flicts and better preserves audio grounding during
generation. Our main contributions are as follows:

* We analyze modality bias in LALMs un-
der audio-text conflict by probing MSA over
modality token groups, revealing a persistent
audio-text imbalance throughout decoding.

* We propose MSG, a simple modulation
method that strengthens audio grounding by
adding a token-wise, query-conditioned bias
to the attention logits of audio tokens before
softmax.

* We evaluate MSG on vocal sound classifica-
tion and speech emotion recognition across
VocalSound, MELD, and the corresponding
MCR-Bench stress tests, achieving strong per-
formance on standard acoustic benchmarks
and substantially improved robustness under
audio-text conflict.

2 Background

2.1 Large Audio-Language Models

Large audio-language models (LALMs) extend
the reasoning and instruction-following abilities
of large language models to audio-text scenarios.
Existing LALMs can be built upon either discrete
audio tokens or continuous audio representations
(Peng et al., 2025). Early generative systems such
as SpeechGPT and AudioPalLM model speech and
text in a unified language-modeling framework
(Zhang et al., 2023; Rubenstein et al., 2023). Later
works, including LTU and GAMA (Gong et al.,
2024; Ghosh et al., 2024), connect pretrained audio
encoders with LL.Ms to support more general au-
dio understanding, such as audio captioning, sound
event understanding, spoken question answering,
and audio-grounded response generation. More
recent models such as Qwen2-Audio (Chu et al.,
2024), Kimi-Audio (KimiTeam et al., 2025), and
Audio Flamingo 3 (Ghosh et al., 2025a) further
improve audio instruction following, audio under-
standing, and audio reasoning across speech, sound,
and music. Recent studies have also explored
the reasoning and affective perception abilities of
LALMs. For example, Audio-CoT and Audio-
Reasoner (Ma et al., 2025; Zhifei et al., 2025) intro-
duce explicit reasoning processes to improve com-
plex audio understanding. Meanwhile, omni-modal
models such as Qwen2.5-Omni (Xu et al., 2025)
and Qwen3.5-Omni (Qwen Team, 2026) extend
audio-language modeling to broader multimodal
interaction.

2.2 Modality Bias in Multimodal Learning

Effective multimodal learning relies on integrat-
ing complementary information across modalities,
and prior studies have explored multimodal inter-
action and joint learning for downstream predic-
tion tasks (Leng and Yan, 2025). However, multi-
modal integration does not necessarily ensure bal-
anced utilization of different modalities. Modal-
ity bias, especially language-side bias, has been
widely studied in multimodal learning, from vision-
language benchmarks such as VQA-CP that ex-
pose linguistic shortcuts under shifted answer pri-
ors (Agrawal et al., 2018) to debiasing methods that
restructure reasoning pipelines (Niu et al., 2021),
suppress question-only shortcuts, or down-weight
biased samples estimated by unimodal predictors
(Cadene et al., 2019). Bias can also stem from op-
timization imbalance, where dominant modalities
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Figure 2: Layer-wise modality-specific attention on the
full MCR-Bench-VSC subset under neutral and adver-
sarial prompts. For each layer, attention shares are aver-
aged over decoding steps and all valid samples.

yield stronger gradients and suppress weaker ones;
gradient modulation improves balance on multi-
modal classification benchmarks such as CREMA-
D and VGGSound (Peng et al., 2022). In audio-
language models, conflict-oriented benchmarks
such as MCR-Bench (Wang et al., 2025a) reveal
that LALMs often follow textual cues under audio-
text inconsistency on VSC and SER. Recent di-
agnostic studies further show that LALMs can
be overly sensitive to lexical cues and instruction
phrasing, suggesting insufficient reliance on acous-
tic evidence (Chen et al., 2026; Li et al., 2026).
These findings motivate inference-time attention
reweighting methods such as MATA, which in-
crease reliance on acoustic evidence and report
gains on MMAU and MMAR (Wang et al., 2025b).

3 Probing Modality Bias in LALMs

3.1 Preliminaries

We study inference-time acoustic grounding in
large audio-language models (LALMs) under au-
toregressive generation. Given an audio input
a € A and a text prompt © € X, the model gener-
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Figure 3: Step-wise modality-specific attention on the
full MCR-Bench-VSC subset under neutral and adver-
sarial prompts. For each decoding step, attention shares
are averaged over all decoder layers and all valid sam-
ples that have generated at least that step.

ates an output sequence y = (y1, ..., yr) with
T
po(y | ax) = [[po(ve | yersa,z). (1)
t=1

This work focuses on settings where the correct
decisions are primarily determined by the acous-
tic evidence in a. However, the textual context x
may be consistent with, neutral to, or even con-
flicting with the underlying audio signal, and such
contextual variations can still induce strong lan-
guage priors that divert the model from relying on
acoustic cues.

3.2 Probing Modality-Specific Attentions

As discussed above, mainstream LALMSs pair an
acoustic encoder with a shared decoder-only LLM.
We focus on pre-decoder alignment (Peng et al.,
2025), where acoustic features are projected into
the LLM embedding space and injected as token-
like embeddings for joint audio-text decoding.
Given an input audio signal, the acoustic encoder
produces hidden representations that are projected
and concatenated with textual tokens (Radford
et al., 2023). Inside the decoder-only Transformer,
causal self-attention follows the standard scaled
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dot-product formulation (Vaswani et al., 2017):

. QK"
Attention(Q, K, V) = softmax() V.
\/@
2)
Since the shared softmax is applied over all visible
source positions, audio tokens, instruction tokens,
system/template tokens, and generated tokens di-
rectly compete for attention mass during decoding.
We probe Qwen2-Audio-7B-Instruct on the full
MCR-Bench-VSC subset under paired neutral and
adversarial prompts. For each sample, the audio in-
put is kept unchanged, while the adversarial prompt
introduces misleading textual cues that conflict
with the acoustic evidence. We use greedy de-
coding, generate at most 7y,, = 16 tokens, and
record post-softmax self-attention weights from all
decoder layers at each generation step.
We partition source positions into four groups:

G = {audio, instruction, system/template, generated }.

For each sample n, decoding step ¢, and decoder
layer ¢, we compute the attention share of group
g €Gas

3)
where Agf 35(h, j) is the post-softmax attention
weight from the current decoding query to source

position j at head & in layer ¢, and 7, (g t) indexes the

positions belonging to group g.

(9)

Based on S,,1.0» We report two complementary

aggregations:

é |D| Z Z ntf’

(9 _ 1 L (9)
=D, Z ] 2 e
c,t

“)

Here, ¢ € {neutral,adversarial} denotes the
prompt condition, D, is the full set of valid VSC
samples under condition ¢, T}, is the number of
generated tokens for sample n, and D.; denotes
the valid samples that have generated at least ¢ to-
kens. The first aggregation gives the layer-wise
view, while the second gives the step-wise view.
As shown in Figure 2, text-related tokens, in-
cluding system, instruction, and generated tokens,
occupy most of the attention mass, while audio

tokens receive a relatively limited share. The layer-
wise view further shows that modality allocation
varies across decoder layers, but the dominance of
text-related tokens remains consistent under both
neutral and adversarial prompts. As shown in Fig-
ure 3, the step-wise view shows that as decoding
proceeds, the growing generated history and longer
textual instructions further compress the relative
attention assigned to audio tokens, especially under
adversarial prompts.

Overall, these observations suggest that LALMs
tend to rely more on textual context than acous-
tic evidence during autoregressive decoding, espe-
cially under audio-text conflict. This calls for an ef-
fective decoding-time mechanism that counteracts
such modality bias and enables a more balanced
use of textual and acoustic cues.

4 Modality-specific Gating for LALMs

Pre-decoder alignment puts audio and text tokens
into the same self-attention pool. As shown in the
right panel of Figure 4, Qwen2-Audio-7B-Instruct
projects encoder audio features into the decoder
token space and feeds them as prefix-like embed-
dings. Audio and text then compete under the same
softmax during both training and inference. This
competition is often blind to evidence: prompt
text tends to win, strengthening language priors
and weakening acoustic grounding. Autoregressive
decoding makes it worse. If early steps drift to-
ward text, the hidden states become more language-
driven, and later queries keep attending to text. Un-
der misleading prompts, this becomes a feedback
loop.

A straightforward fix is to add an explicit gate
that modulates attention based on task relevance.
Gated-attention methods use a learned control sig-
nal to reweight attention and steer information
flow; they have been used to suppress spurious
dominant signals, boost relevant token groups,
and balance heterogeneous sources with query-
conditioned modulation (Qiu et al., 2025; Hua et al.,
2022). Unlike a fixed attention structure where all
tokens compete equally, a gate provides a deci-
sion variable: when should audio matter, and by
how much. This is particularly natural for audio-
language models, where audio relevance is highly
query-dependent and cannot be inferred from the
prompt alone.

In our work, we instantiate this idea as Modality-
Specific Gating (MSG), a simple and efficient
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generation.

decoding-time modulation method. MSG learns
a query-conditioned gate from task supervision to
determine how much additional visibility should be
assigned to audio tokens during generation. When
the current query requires acoustic evidence, the
gate produces an audio-specific additive bias that is
applied to the pre-softmax attention logits of audio
keys. This design preserves the standard attention
computation and leaves the backbone architecture
unchanged.

As shown in Figure 4, MSG is applied within
decoder self-attention. Starting from the standard
scaled dot-product attention in Eq. (2), we com-
pute a token-wise gate from the current query state
and add the resulting bias only to audio-key logits
before softmax. In this way, MSG increases the
relative visibility of audio evidence when needed
while maintaining the original attention form.

In Qwen2-Audio, audio key positions in self-
attention can be identified by matching the audio
special-token id (e.g., <|AUDIO|>) in input_ids,
yielding a binary indicator over key positions.
When applying MSG, we add a dynamic, learn-
able bias to these audio-token positions after the
QK" dot product. We define the bias row for the
t-th query as

Bt,: - /8 Tt Maudios (5)

where (8 is a positive-valued scalar controlling
the overall modulation strength, r; is a query-
conditioned gating score at step ¢, and myyqio 1S a
binary indicator over audio-token key positions.

At decoding step ¢, we compute a bounded gat-
ing score from the current query state:

ry = O'(Wht), (6)

where h; denotes the query hidden state of the cur-
rent decoder layer, W € R!*% is a learned projec-
tion, and o(-) is the sigmoid. MSG computes 7
separately at each decoder layer from that layer’s
hidden state, while sharing the gating projection W
across layers. Thus r, € (0,1) provides a query-
conditioned control signal that varies with the de-
coding state and layer. During training, W (and
hence ;) is updated by backpropagation through
the task loss, with an optional gate regularizer that
is primarily active during early training.

We parameterize (3 as a single learnable scalar
and optimize it jointly with the model under the
same training objective. Unlike 7, 5 is step-
invariant and shared across tokens, serving as a
global calibration of the bias magnitude. Although
5 is fixed across decoding steps, the effective bias
Brs remains step-dependent through the query-
conditioned gate 7;. This factorization separates
dynamic modulation from overall scaling and fol-
lows common modulation-style parameterizations.

Applying Eq. (5) to the ¢-th query yields MSG
attention at decoding step ¢:

thT

B,. |V
@*)

QtKT
= soft —+ audi |4
SO max( T BriMaud o)

(N

Attentions(Q, K, V) = softmax(
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where ¢, is the ¢-th query row and B; . € RE is the
bias vector over key positions.

MSG only changes attention at the logit level
before softmax, so it preserves the normalized at-
tention structure in Eq. (2). The formulation is also
consistent with prior attention-with-bias methods
that add additive terms to attention logits before
softmax (Press et al., 2022). It directly targets the
step-wise audio under-attention observed in our
modality-specific attention probing. It strengthens
audio keys when the current query requires acoustic
evidence. It also weakens the self-amplifying effect
of text feedback by preventing early text dominance
from suppressing audio attention in later steps.

S Experiments

5.1 Benchmark Protocol
5.1.1 Datasets and Baselines

For the two core tasks, we fine-tune on the training
splits of VocalSound(Gong et al., 2022) for VSC
and MELD(Poria et al., 2019) for SER, and eval-
uate basic task performance on their correspond-
ing test splits. The VocalSound test set contains
3,594 audio clips, and the MELD test set consists
of 2,610 utterances. To further assess robustness to
prompt variation, we additionally evaluate on the
VSC and SER subsets of MCR-Bench(Wang et al.,
2025a), where each task provides four prompt vari-
ants (Neutral, Faithful, Adversarial, and Irrelevant)
with 1,000 audio samples per variant.

We compare our method against several ad-
vanced LALMs under the same evaluation protocol
to establish strong baselines; detailed descriptions
of these baselines are provided in Appendix A. We
additionally reproduce MATA (Wang et al., 2025b)
following its published methodology and evaluate
it using the same backbones, data splits, and evalu-
ation pipeline as MSG.

5.1.2 Implementation Details

For the main experiments, we use Qwen2-Audio-
7B-Instruct as the primary base model and further
apply MSG to Qwen2.5-Omni-7B to verify its gen-
erality on an omni-modal backbone. For both back-
bones, we freeze the original model weights and
update only LoRA adapters and the newly intro-
duced MSG parameters. LoRA is applied to text
self-attention modules with rank 8, alpha 16, and
dropout 0.05. For Qwen2-Audio-7B-Instruct, this
yields 10.35M trainable parameters, accounting
for about 0.12% of the 8.41B base-model param-

eters. All audio inputs are resampled to 16 kHz,
and the evaluation prompts are provided in Ap-
pendix C. We train with AdamW using a learning
rate of 5e-5, batch size 16, gradient accumulation
of 8, and mixed precision. Unless otherwise spec-
ified, MSG uses a gate regularization weight of
0.2 and an automatically calibrated gate target 7 of
around 0.65; a detailed analysis of the gate regu-
larization is provided in Appendix D. All experi-
ments are conducted on an NVIDIA GeForce RTX
5090 32GB GPU. To assess variation across ran-
dom seeds, we additionally repeat MSG training
three times with independent random seeds and
report the corresponding mean and standard devia-
tion in Appendix B.

5.1.3 Evaluation Metrics

For standard-task evaluation, we report accuracy
(ACC) for VSC and weighted accuracy (WA), un-
weighted accuracy (UA), and weighted F1 score
(WF1) for SER. For MCR-Bench, we report ACC
under each prompt condition for both VSC and
SER. UA and WF]1 provide complementary views
of performance under the naturally imbalanced
emotion distribution of MELD.

For the VSC ablation study, we additionally re-
port Macro Accuracy (Macro), Text Influence Rate
(TIR), and Modal Robustness Score (MRS) to quan-
tify robustness under different textual conditions.

Accgn + Accady + Accipr
= 3 5
where Accgy, Accaqy, and Acci are accuracies
under faithful, adversarial, and irrelevant prompts.

Macro (8)

Alth/N, t = fth,
AYY/N, t=adv, (9
(AT + AIY) /N, t =irr

TIR; =

where t indexes the text condition, /N is the num-
ber of samples, and Al /AL, count prediction flips
from incorrect—>correct and correct—incorrect un-

der condition ¢.

ACCadV ACCirr

MRS =
@ Accpen’

+(1-«)

" AcCuen .
where Accpey is the neutral-prompt accuracy and
a = (.8 emphasizes adversarial robustness. Be-
cause MRS aggregates only adversarial and irrel-
evant conditions, it is not intended as a compre-
hensive measure of textual information utilization;
we therefore report faithful accuracy separately
throughout the robustness evaluation.
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Task: VSC (Dataset: VocalSound)

Task: SER (Dataset: MELD)

Model ACCT Model WAT UAT WF1T
CLAP (Elizalde et al., 2023) 0.494 WavLM Base (Chen et al., 2022) 0.499 0.201 0.400
Pengi (Deshmukh et al., 2023) 0.604 WavLM Large (Chen et al., 2022) 0.542 0.253 0476
SALMONN-7B (Tang et al., 2024) 0.564 emotion2vec (Ma et al., 2024) 0.519 0.280 0.487
GPT-40-Audio (OpenAl, 2024) 0.825 Vesper-12 (Chen et al., 2024) 0.525 0.268 0.480
Gemini-3-Flash (Google DeepMind, 2025) 0.882 GPT-40-Audio (OpenAl, 2024) 0.479 0.429 0.488
Qwen-Audio-Chat (Chu et al., 2023) 0.929 Gemini-3-Flash (Google DeepMind, 2025) 0.481 0.143 0.313
Qwen2-Audio-7B-Instruct (Chu et al., 2024) 0.940 Qwen2-Audio-7B-Instruct (Chu et al., 2024) 0.376 0.362 0.393
Qwen2.5-Omni-7B (Xu et al., 2025) 0.939 Qwen2.5-Omni-7B (Xu et al., 2025) 0.504 0.328 0.489
Qwen2-Audio-7B-Instruct + MATA (Wang et al., 2025b)  0.909 Qwen2-Audio-7B-Instruct + MATA (Wang et al., 2025b) 0.453 0.299 0.441
Qwen2.5-Omni-7B + MATA (Wang et al., 2025b) 0.847 Qwen2.5-Omni-7B + MATA (Wang et al., 2025b) 0.504 0.309 0.477
Qwen2-Audio-7B-Instruct + MSG 0.947 Qwen2-Audio-7B-Instruct + MSG 0.504 0.390 0.509
Qwen2.5-Omni-7B + MSG 0.942 Qwen2.5-Omni-7B + MSG 0.574 0.391 0.558

Table 1: Main Performance Evaluation. Comparison on VSC (VocalSound) and SER (MELD). Gray shading
highlights our method. Bold indicates the best result in each column.

Task: VSC (MCR-Bench, ACC?T)

Task: SER (MCR-Bench, ACC?)

Model
Neu Fai Adv Trr Neu Fai Adv Trr

SALMONN-7B (Tang et al., 2024) 0.605 0.896 0.251 0.614 0.251 0987 0.001 0.364
SALMONN-13B (Tang et al., 2024) 0488 0.653 0.244 0.424 0469  1.000 0.000 0.453
Audio-Flamingo?2 (Ghosh et al., 2025b) 0.300 0.988 0.013 0.253 0.308 0.802 0.159 0.329
SealLLMs-Audio-7B (Liu et al., 2025) 0.652 0984 0.071 0.497 0499 0999 0.001 0.472
Gazelle (Tincans-Al, 2024) 0.182  1.000 0.000 0.169 0449 0974 0.000 0.438
GPT-40-Audio (OpenAl, 2024) 0.859 0989 0.663 0.813 0.380 0.478  0.339 0.396
Gemini-3-Flash (Google DeepMind, 2025) 0.875 0.906 0.860 0.866 0.393 0529 0.332 0.391
Qwen-Audio-Chat (Chu et al., 2023) 0.601  0.795 0.030 0.453 0.245 0.999 0.001 0.148
Qwen2-Audio-7B-Instruct (Chu et al., 2024) 0.854 0998 0.118 0.857 0418  1.000 0.000 0.278
Qwen2.5-Omni-7B (Xu et al., 2025) 0.903 0.991 0.058 0.827 0.480  1.000 0.000 0.405
Qwen2-Audio-7B-Instruct + MATA (Wang et al., 2025b)  0.853  0.998  0.122 0.852 0426  1.000 0.000 0.277
Qwen2.5-Omni-7B + MATA (Wang et al., 2025b) 0.902 0.983 0.041 0.827 0.493  1.000 0.001 0.421
Qwen2-Audio-7B-Instruct + MSG 0.947 0967 0.929 0.948 0.466 0.847 0.212 0.473
Qwen2.5-Omni-7B + MSG 0.940 0963 0917 0.932 0496 0.867 0.227 0.472

Table 2: Robustness Evaluation on MCR-Bench. Accuracy (ACC1) under Neutral (Neu), Faithful (Fai), Adversar-
ial (Adv), and Irrelevant (Irr) prompts. Gray shading highlights our method. Bold indicates the best result in each

column.

5.2 Experimental Results

We compare MSG with a range of audio and
speech baselines as well as LALMs on both
standard benchmarks and controlled prompt set-
tings. As shown in Table 1, MSG achieves strong
performance on standard VSC and SER bench-
marks. On VocalSound, Qwen2-Audio-7B-Instruct
+ MSG reaches 94.7% accuracy, improving over
the Qwen2-Audio-7B-Instruct baseline by +0.7
points. MSG also improves Qwen2.5-Omni-7B
from 93.9% to 94.2%. On MELD, Qwen2-Audio-
7B-Instruct + MSG obtains 50.9% WF1, compared
with 39.3% for its base model. For Qwen2.5-Omni-
7B, MSG improves WA, UA, and WF1 from 50.4%,
32.8%, and 48.9% to 57.4%, 39.1%, and 55.8%,
respectively. Under the same backbones and evalu-
ation pipeline, MSG also consistently outperforms
our reproduction of MATA on the standard VSC
and SER tasks.

We further evaluate acoustic grounding un-

der prompt-induced text bias using MCR-Bench.
As shown in Table 2, MSG is particularly ef-
fective under adversarial and irrelevant prompts.
With Qwen2-Audio-7B-Instruct as the backbone,
MSG achieves 92.9% and 94.8% accuracy on
MCR-Bench-VSC under Adversarial and Irrelevant
prompts, respectively, outperforming the strongest
corresponding non-MSG baselines by +6.9 and
+8.2 points. On MCR-Bench-SER, MSG improves
Adpversarial and Irrelevant accuracy from 0.0% and
27.8% t0 21.2% and 47.3%, respectively. The same
robustness trend is observed on Qwen2.5-Omni-
7B: MSG improves MCR-Bench-VSC accuracy
from 90.3%, 5.8%, and 82.7% to 94.0%, 91.7%,
and 93.2% under Neutral, Adversarial, and Irrele-
vant prompts, respectively. On MCR-Bench-SER,
Qwen2.5-Omni-7B + MSG improves Adversarial
accuracy from 0.0% to 22.7% and Irrelevant accu-
racy from 40.5% to 47.2%. Compared with MATA,
MSG provides substantially stronger gains under
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Benchmark Task Model Neutral Faithful Adversarial Irrelevant Macrot MRS?
ACCT ACCT TIRT ACCT TIR] ACCT TIR|

Base (w/o SFT, w/o MSG) 0.854 0.998 0.144 0.118 0.736 0.857 0.099 0.658 0.311

w/o MSG (SFT only) 0929 0983 0.054 0.610 0319 0911 0.030 0.835 0.721

VSC (MCR-Bench)  w/o r (global-$ only) 0.944 0990 0.046 0.538 0.407 0921 0.029 0.816  0.651

w/o (8 (token-wise r only)  0.935 0.971 0.036 0.905 0.040 0.934 0.021 0.937 0.974

Full (w/ B+ 1) 0.947 0967 0.020 0.929 0.021 0.948 0.013 0.948  0.985

Table 3: Ablation study on MCR-Bench-VSC using Qwen2-Audio-7B-Instruct as the base model. We compare the
base model, SFT-only model, global-/3 only variant, token-wise  only variant, and the full MSG model.

0.5
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0.3
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faithful
adversarial

irrelevant

adversarial faithful

(a) BASE

irrelevant 0.4 neutral
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faithful
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Figure 5: We visualize MSA, averaged over decoding steps and samples, for audio tokens, text tokens, special
tokens, and generated tokens under four prompt modes. Left: BASE. Right: with MSG.

adversarial and irrelevant textual conditions.
These robustness gains are accompanied by a
robustness—faithfulness trade-off. In particular,
faithful accuracy on MCR-Bench-SER decreases
from 1.000 to 0.847 for Qwen2-Audio-7B-Instruct
and from 1.000 to 0.867 for Qwen2.5-Omni-7B.
Nevertheless, faithful accuracy remains substan-
tially higher than the corresponding neutral accu-
racy, indicating that reliable textual information
continues to benefit prediction after MSG. Over-
all, MSG shows its clearest gains when textual
prompts are misleading or uninformative, suggest-
ing stronger acoustic grounding across both audio-
specialized and omni-modal LALM backbones.

5.3 Ablation Study

We perform ablation studies on the MCR-Bench-
VSC to assess the impact of SFT and each MSG
component (5 and r). We consider three vari-
ants: (i) SFT-only, which applies supervised fine-
tuning without MSG; (ii) S-only, which adds a

global learnable logit bias 8 while removing the
token-wise gate r; and (iii) r-only, which enables
the token-wise acoustic gate r while removing the
global scaling 5. We also report the Full model
that combines 5+ for reference. As shown in Ta-
ble 3, we evaluate both ACC and TIR under neutral,
faithful, adversarial, and irrelevant prompts, and
additionally summarize Macro Acc (averaged over
faithful/adversarial/irrelevant) and the overall MRS
score. The results indicate that SFT alone does
not sufficiently mitigate language-induced inter-
ference under perturbed prompts. Compared with
SFT-only, the [$-only variant improves accuracy
under several conditions but does not consistently
improve robustness, whereas the r-only variant sub-
stantially improves robustness under adversarial
and irrelevant prompts. In particular, 5 mainly af-
fects overall predictive performance, while » more
substantially reduces adversarial and irrelevant TIR,
suggesting that token-wise gating primarily sup-
presses spurious textual cues rather than only in-
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creasing accuracy. Combining 8 and r yields the
best robustness—accuracy trade-off, achieving the
highest Macro Acc and MRS while substantially
reducing text-induced prediction changes under ad-
versarial and irrelevant conditions. Additional SFT-
only SER baselines and layer-specific gating results
are provided in Appendix B.

5.4 Decoding Behavior Analysis

Figure 5 visualizes MSA on MCR-Bench-VSC un-
der four prompt modes, using the same definition
as above and averaging over layers, decoding steps,
and samples. In the BASE model, attention is
dominated by text-related tokens, especially when
prompted inputs introduce longer or stronger lin-
guistic cues, which dilutes the attention assigned
to audio tokens. This suggests that the decoder
tends to follow textual hints even in acoustically
grounded tasks.

With MSG, the attention distribution shifts to-
ward a more balanced allocation. Audio attention
increases consistently across prompt modes, while
attention to textual and special tokens is preserved
rather than collapsed. Together with the perfor-
mance gains, this indicates that MSG improves
acoustic grounding by dynamically increasing the
visibility of task-relevant audio evidence under
prompt-induced bias.

6 Conclusion

In this paper, we present MSG, a lightweight
decoding-time calibration framework for improv-
ing acoustic grounding in LALMSs under modality-
conflict prompts. We reveal a persistent audio-text
attention imbalance during autoregressive decod-
ing, where misleading or irrelevant textual cues
can steer predictions away from valid acoustic
evidence. MSG mitigates this issue by adding
a query-conditioned bias to the attention logits
of audio tokens, strengthening acoustic evidence
without changing the backbone architecture. Ex-
periments on vocal sound classification, speech
emotion recognition, and MCR-Bench show im-
proved standard-task performance and substan-
tially stronger robustness to adversarial and ir-
relevant textual cues across Qwen2-Audio and
Qwen2.5-Omni, while also revealing a measurable
robustness—faithfulness trade-off when textual cues
are reliable. Ablation and decoding-behavior analy-
ses further confirm that MSG reduces text-induced
interference and improves acoustic evidence uti-

lization during decision formation. These results
suggest that balancing modality contributions and
preventing modality collapse may be important for
developing more reliable audio-language models.

Limitations

We see the following limitations of this paper.
First, our experiments focus on acoustic discrimi-
nation tasks, including vocal sound classification
and speech emotion recognition. These tasks are
representative for studying whether LALMs can
preserve fine-grained acoustic evidence under text-
conditioned decoding, but they do not cover the
full spectrum of audio-language scenarios, such
as long-form audio reasoning, multi-speaker inter-
action, music understanding, full-duplex spoken
dialogue, or open-ended audio question answering.
Future work may evaluate MSG under broader and
more realistic audio-language settings as reliable
benchmarks become available. Moreover, the cur-
rent tasks mainly produce short label sequences
and therefore do not directly verify whether MSG
preserves complex textual information under long
or highly compositional generation.

Second, our study is conducted on representa-
tive open-source audio/omni LALMs, including
Qwen2-Audio and Qwen2.5-Omni, to ensure re-
producibility and enable controlled decoding anal-
ysis. However, current LALMs differ substantially
in model architecture, training data, audio-text fu-
sion strategy, and accessible inference interface.
Moreover, many strong proprietary systems do not
expose the internal states required for analyzing
decoding behavior. Therefore, our findings should
be interpreted as evidence on practical open-source
LALM backbones rather than an exhaustive conclu-
sion over all possible audio-language architectures.

Third, existing acoustic and affective bench-
marks remain limited by data distribution and label
coverage. Emotion-related training and evaluation
data often exhibit naturally imbalanced category
distributions, where some emotion classes appear
much less frequently than others. This reflects the
inherent skewness of real-world affective data, but
it also makes the evaluation of minority emotions
more challenging. In addition, current benchmarks
cover only a limited range of speakers, recording
conditions, languages, and acoustic environments.
As larger, more balanced, and more diverse affec-
tive speech datasets become available, MSG can
be further evaluated under more comprehensive
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acoustic conditions.

Fourth, the evaluation protocols across existing
benchmarks and prior studies are not fully unified.
Different tasks and models commonly report dif-
ferent metrics, such as ACC, weighted F1, macro-
averaged scores, or robustness-oriented scores. Fol-
lowing common practice, this work reports the stan-
dard metrics adopted by each benchmark, but such
metric heterogeneity may limit perfectly uniform
cross-benchmark comparison. Future work may
benefit from more standardized evaluation proto-
cols for acoustic discrimination and audio-text ro-
bustness in LALMs.

Finally, MSG has demonstrated the effective-
ness of lightweight acoustic calibration, and fu-
ture work may further explore more fine-grained
adaptive calibration mechanisms. We view MSG
as complementary to future advances in LALM
architectures, audio representation learning, and
large-scale audio-language data construction.
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A Baselines

We compare MSG with three groups of baselines:
conventional audio or speech representation mod-
els, open-source audio-language or omni-modal
models, and proprietary audio-capable multimodal
systems.

e CLAP (Elizalde et al., 2023): A contrastive
audio-language pretraining model that aligns
audio and text representations in a shared em-
bedding space. It is included as a represen-
tative audio-text representation baseline for
vocal sound classification.

* Pengi (Deshmukh et al., 2023): A general-
purpose audio-language model that sup-
ports audio understanding through text-based
prompting. It has been evaluated on diverse
audio tasks such as audio classification, cap-
tioning, and question answering, making it a
relevant baseline for VSC.

* SALMONN (Tang et al., 2024): An open-
source large audio-language model designed
to perceive and understand speech, audio
events, and music. We include SALMONN-
7B and SALMONN-13B when available
to compare MSG with strong open-source
LALMs of different scales.

e WavLM (Chen et al., 2022): A self-
supervised speech representation model
widely used for speech-related downstream
tasks. We report WavLM Base and WavLM
Large as conventional speech representation
baselines for speech emotion recognition.

e emotion2vec (Ma et al., 2024): A self-
supervised speech model for universal emo-
tion representation learning. It serves as a
strong task-oriented baseline for SER.

* Vesper-12 (Chen et al., 2024): A speech rep-
resentation model designed to capture robust
speaker and paralinguistic information. It is
included as a competitive non-generative base-
line for SER.

¢ Qwen-Audio-Chat (Chu et al., 2023): An
open-source audio-language model that sup-
ports audio-conditioned dialogue and instruc-
tion following. It provides an early Qwen-
family LALM baseline for evaluating au-
dio understanding and prompt-conditioned re-
sponses.
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* Qwen2-Audio-7B-Instruct (Chu et al., 2024):
An open-source large audio-language model
with strong audio instruction-following ability.
We use it both as a strong baseline and as the
primary backbone for MSG.

¢ Qwen2.5-Omni-7B (Xu et al., 2025): An
open-source omni-modal model that supports
multimodal perception over text, image, audio,
and video. We include it to evaluate whether
MSG remains effective on a stronger omni-
modal backbone beyond audio-specialized
LALMs.

* Audio-Flamingo2 (Ghosh et al., 2025b): A
large audio-language model that extends the
Flamingo-style architecture to audio under-
standing. It is included as a strong recent
baseline for evaluating audio-language robust-
ness under MCR-Bench.

* SealLLMs-Audio-7B (Liu et al., 2025): An
audio-language model developed for multilin-
gual and general audio understanding. It is
used as an open-source LALM baseline in the
robustness evaluation.

¢ Gazelle (Tincans-Al, 2024): A recent audio-
language model evaluated in controlled
prompt settings. We include it as a compet-
itive baseline for assessing prompt-induced
bias and robustness on MCR-Bench.

* GPT-40-Audio (OpenAl, 2024): A propri-
etary audio-capable model in the GPT-4o
family that supports audio-conditioned under-
standing and response generation. It serves
as a strong closed-source reference model for
both standard and robustness evaluations.

* Gemini-3-Flash (Google DeepMind, 2025):
A proprietary Gemini-family multimodal
model optimized for efficient inference. It
is included as a strong closed-source baseline
under both standard audio benchmarks and
controlled prompt settings.

* MATA (Wang et al., 2025b): An inference-
time audio-attention reweighting method de-
signed to increase reliance on acoustic evi-
dence. We reproduce MATA following the
published methodology and evaluate it with
the same backbones, data splits, and evalua-
tion pipeline as MSG.



Backbone

Method

MELD

MCR-Bench-SER

WAt UAT WFIT

Neut Fait Advl Irrt

Qwen2-Audio-7B-Instruct

SFT-only 0.535 0.307 0.496

0.510 1.000 0.000 0.385

Qwen2.5-Omni-7B

SFT-only 0.539 0.357 0.523

0.519 0986 0.019 0.455

Table 4: Additional SFT-only SER baselines. MSG results under the same settings are reported in Tables 1 and 2.

Gating Setting  VSC ACCt MELD WAt UAT WFI}

0.942 0.574 0.391 0.558
0.943 0.602 0.419 0.580

layer-shared
Layer-specific

Table 5: Effect of layer-specific gating on Qwen2.5-
Omni-7B. The standard MSG shares gating parameters
across decoder layers, whereas the layer-specific variant

Metric Qwen2-Audio Qwen2.5-Omni

MELD WA 0.4699 + 0.0299  0.5642 £ 0.0088
MELD UA 0.3853 £ 0.0085  0.3807 £0.0136
MELD WF1 0.4829 + 0.0236  0.5500 £ 0.0076
MCR-SER Neu  0.4597 £ 0.0057  0.4914 4+ 0.0053
MCR-SER Fai 0.8463 + 0.0070  0.8596 £ 0.0132
MCR-SER Adv  0.2050 £ 0.0130  0.2077 £ 0.0177
MCR-SER Irr 0.4743 £ 0.0071  0.4776 £ 0.0072

uses an independent gating projection for each layer.

Metric Qwen2-Audio Qwen2.5-Omni

VocalSound ACC  0.9426 + 0.0039  0.9407 4+ 0.0013
MCR-VSC Neu 0.9437 +0.0031  0.9387 4 0.0032
MCR-VSC Fai 0.9683 + 0.0023  0.9607 £+ 0.0021
MCR-VSC Adv 0.9203 +0.0096  0.9190 £ 0.0026
MCR-VSC Itr 0.9423 +0.0049  0.9300 £ 0.0026

Table 6: MSG results on VSC over three independent
runs. Results are reported as mean + standard devia-
tion. Qwen2-Audio and Qwen2.5-Omni denote Qwen2-
Audio-7B-Instruct and Qwen2.5-Omni-7B, respectively.

B Additional Experimental Results

We provide additional experiments complement-
ing the main results. Table 4 reports the SFT-only
SER baselines, while Table 5 examines the effect
of sharing gating parameters across decoder layers.
To account for variation across random seeds, we
additionally run MSG three times with independent
random seeds for both Qwen2-Audio-7B-Instruct
and Qwen2.5-Omni-7B. The main tables report the
best-performing run, while Tables 6 and 7 report
the mean and standard deviation across three inde-
pendent runs. All runs use the same data splits, hy-
perparameters, and evaluation protocol, and check-
points are selected solely according to validation-
set performance.

C Evaluation Prompts

We use fixed direct-choice prompts for standard
evaluation and controlled prompt variants for MCR-
Bench. Figures 6, 7, 8, and 9 show the prompts
used for VocalSound, MELD, MCR-Bench-VSC,
and MCR-Bench-SER, respectively.

Table 7: MSG results on SER over three independent
runs. Results are reported as mean £ standard devia-
tion. Qwen2-Audio and Qwen2.5-Omni denote Qwen2-
Audio-7B-Instruct and Qwen2.5-Omni-7B, respectively.

4 Y

Standard VSC Prompt

Classify the non-speech vocalization in the audio.
Choose exactly ONE label from: Cough; Laughter;
Sigh; Sneeze; Sniff; Throat clearing.

Output only the label text or a JSON object with the
predicted label.

Figure 6: Evaluation prompt for the standard VSC task
on VocalSound.

Standard SER Prompt

Identify the speaker’s emotion from the audio using
acoustic evidence.
Choose exactly one label from: neutral, joy, surprise,
anger, sadness, disgust, fear.
Output STRICT JSON with exactly this schema:
{
“task”: “meld_emotion”,
“answer”: “<LABEL>”
}

Do not output anything else.

Figure 7: Evaluation prompt for the standard SER task
on MELD.

D Analysis of Gate Regularization

We further analyze the gate regularization term in
MSG. The gate target 7 is used as a hinge-style
lower-bound constraint rather than a hard match-
ing objective: the regularization is activated only
when the average acoustic gate activation on an-
swer tokens falls below 7, and becomes zero oth-
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MCR-Bench-VSC Prompt Format

Neutral:

Classify this vocal sound into one of the following
categories: Laughter, Sigh, Cough, Throat clearing,
Sneeze, or Sniff.

Faithful / Adversarial / Irrelevant:

The following text provides descriptions derived from
audio content. This information may be accurate,
inaccurate, or irrelevant. Answer the question with
discretion regarding how you use these details.
Description: {TEXT_DESCRIPTION}

Classify this vocal sound into one of the following
categories: Laughter, Sigh, Cough, Throat clearing,
Sneeze, or Sniff.

Figure 8: Prompt format for MCR-Bench-VSC.

MCR-Bench-SER Prompt Format

Neutral:

Classify this emotion into one of the following
categories: sad, happy, fearful, angry, surprised,
disgusted, or neutral.

Faithful / Adversarial / Irrelevant:

The following text provides descriptions derived from
audio content. This information may be accurate,
inaccurate, or irrelevant. Answer the question with
discretion regarding how you use these details.
Description: {TEXT_DESCRIPTION}

Classify this emotion into one of the following
categories: sad, happy, fearful, angry, surprised,
disgusted, or neutral.

,
\.

Figure 9: Prompt format for MCR-Bench-SER.

erwise. Thus, it prevents the acoustic gate from
under-activation without continuously forcing au-
dio amplification.

Table 8 reports the training dynamics under dif-
ferent 7 values. Across 7 € {0.5,0.6,0.7,0.8},
the tail gate loss becomes zero and the average gate
activation remains above the target, indicating that
the regularizer does not dominate late-stage opti-
mization once sufficient acoustic access is achieved.
Among these settings, moderate targets provide
stable optimization behavior, while larger targets
bring no further benefit in tail CE loss. The auto-
matically calibrated 7 is around 0.65, which falls
within this stable range. Therefore, we use the au-
tomatically calibrated 7 in subsequent experiments
to avoid manual threshold selection.

7 LastCE Tail CE Tail Gate Tail7 — 7
0.5 0.0488 0.0555 0.0000 0.2761
0.6 0.0452 0.0483  0.0000 0.3228
0.7 0.0482 0.0758  0.0000 0.1698
0.8 0.0490 0.0757  0.0000 0.1415

Table 8: Gate regularization analysis under different
gate targets 7. Tail metrics are averaged over the final
training interval.
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