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Abstract

While Audio Large Models (ALLMs) have
achieved remarkable proficiency, their robust-
ness remains brittle in real-world deployment.
Existing evaluations largely rely on synthetic
Gaussian noise or simplistic single-source in-
terference, failing to capture the intricate,
multi-layered acoustic dynamics—or “Acoustic
Ecology”—that characterize authentic physical
environments. To bridge this ecological gap,
we introduce RSA-Bench, a comprehensive
robustness benchmark designed to stress-test
ALLMs through high-fidelity auditory scene
simulations. Unlike traditional methods, we
construct evaluation samples by naturally super-
imposing diverse environmental soundscapes—
spanning Pasture, Extreme Weather, Class-
room, and Outdoors—onto clean speech sig-
nals across a spectrum of interference intensi-
ties. By evaluating models on six core tasks
ranging from fundamental perception to com-
plex reasoning, our study unveils three macro-
level insights: (I) The Perception-Cognition
Gap: Models maintain relative resilience in
low-level recognition but suffer a functional
collapse in high-order reasoning tasks under
stress; (IT) Scenario Sensitivity: “Vocal-like”
interference (e.g., background laughter) proves
significantly more destructive than mechani-
cal noise, challenging the model’s auditory at-
tention mechanisms; and (III) The Denoising
Paradox: Standard speech enhancement of-
ten exacerbates performance degradation, as
ALLM:s prove highly sensitive to the semantic
distortions introduced by denoising artifacts.

1 Introduction

In recent years, the intersection of Large Language
Models (LLMs) and audio processing has given
rise to Audio Large Models (ALLMs) (Goel et al.,
2025; Yang et al., 2025b,a). By integrating au-
dio encoders with pre-trained LLMs, these models
have demonstrated remarkable capabilities across
a wide range of tasks, including Automatic Speech

Recognition (ASR) (Ahlawat et al., 2025; Fatehi-
far et al., 2025; Liu et al., 2025b) , speech trans-
lation (Sarim et al., 2025), and audio-based rea-
soning (Xie et al., 2025). Cutting-edge models
have achieved impressive performance on standard
benchmarks (Wang et al., 2025a; Kumar et al.,
2025; Ma et al., 2025), exhibiting strong semantic
understanding and instruction-following abilities
when processing high-quality audio inputs.
However, the promising results obtained in con-
trolled, noise-free environments often fail to trans-
late to real-world deployment scenarios (Wang
et al., 2025b; Atwany et al., 2025). Real-world
acoustic environments are characterized by diverse,
unavoidable background noises and multi-source
interference. While previous works have estab-
lished benchmarks for general audio capabilities
(Yang et al., 2024; Wang et al., 2025a; Ahia et al.,
2025), there is a systematic absence of evaluations
that quantify how ALLMs behave under acoustic
stress. Existing resources fail to reflect the com-
plexity of a true "Acoustic Ecology," (Wrightson,
2000; Pace et al., 2025) where target signals are
inextricably intertwined with diverse background
sounds. Specifically, the magnitude of the perfor-
mance gap between ideal and noisy conditions in
ALLMs has not been sufficiently quantified, leav-
ing the true robustness of these models in question.
To address this fundamental limitation, we
present RSA-Bench, a robustness benchmark de-
signed to stress-test ALLMs within complex acous-
tic scenarios. Distinguished by its scale, the dataset
covers more than 100,000 samples across six core
tasks, ranging from basic ASR to high-order reason-
ing such as Math and QA. Specifically, the bench-
mark features a high-fidelity “Acoustic Ecology”
constructed from four distinct environments: Pas-
ture, Extreme Weather, Classroom, and Outdoor.
To ensure realism, a multi-source superposition
strategy is employed, naturally mixing 1 to 4 noise
sources with the original signal. Ultimately, this
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Figure 1: A framework of our RSA Benchmark for evaluating Audio-LLM robustness across six different tasks.

setting prioritizes ecological validity over artificial
difficulty, simulating the complexity of real-world
environments where target signals are inextricably
intertwined with diverse background sounds.

As shown in Figure 1, our study reveal a stark
contrast in model performance between clean and
noisy inputs. We observe that most models exhibit
a precipitous decline in capabilities as the acoustic
environment becomes more complex, exposing a
widespread vulnerability across current architec-
tures. The degradation is particularly severe in
tasks requiring precise semantic reasoning. Regard-
ing mitigation, we applied three standard denoising
methods to the noisy audio in an attempt to allevi-
ate the negative impact of interference. However,
we find that real-world noise proves to be remark-
ably persistent. Standard methods often struggle to
effectively strip away this interference; instead, the
attempt may disrupt the semantic integrity of the
original audio, potentially leading to performance
that is not only unrestored but further degraded.

Experimental Takeaways.

* Widespread Robustness Vulnerability. RSA-
benchmark reveals a universal performance de-
cline across diverse interference types, confirm-
ing that high capabilities in clean environments
fail to translate to reliability in complex physical-
world deployment.

* The Perception-Cognition Gap. Acoustic in-
terference disproportionately impacts cognitive
over perceptual capabilities. While models retain
resilience in low-level tasks like gender recogni-
tion, they suffer a functional collapse in high-
order reasoning under stress, exposing a critical
bottleneck in complex semantic processing.

* The Denoising Paradox. External mitigation
strategies often prove counterproductive. We find
that standard speech enhancement algorithms fre-
quently exacerbate errors, as ALLMs are sig-
nificantly more sensitive to the spectral artifacts
introduced by denoising than to the natural back-
ground noise itself.

2 Related Work

Audio Large Models. The landscape of audio
processing has shifted dramatically from special-
ized models to general-purpose ALLMs (Zhang
et al., 2023; Chu et al., 2024; Huang et al., 2024).
Early works primarily focused on discriminative
tasks such as ASR (Ahlawat et al., 2025; He and
Whitehill, 2025). Recently, the integration of au-
dio encoders with LLMs has empowered mod-
els like GPT-40-Audio (Hurst et al., 2024) and
Qwen2-Audio (Chu et al., 2024) to perform reason-
ing, instruction following, and multi-turn dialogue.
The emergence of models like Qwen2.5-Omni (Xu
et al., 2025a)further exemplifies the trend towards
unified multimodal understanding (Zhang et al.,
2025), where models process audio, text, and other
modalities within a single end-to-end framework.
Robustness against Acoustic Interference. Ro-
bustness has been a longstanding pursuit in signal
processing, traditionally measured by Word Error
Rate (WER) in ASR systems under low Signal-to-
Noise Ratio (SNR) (Song et al., 2025; Akomodi
et al., 2025) conditions. In the era of ALLMs, the
scope of robustness extends beyond recognition ac-
curacy to encompass comprehensive understanding
and reasoning capabilities in noisy contexts. Re-
cent empirical studies have begun to explore the



negative impact of audio interference. For instance,
recent work demonstrated that environmental noise
can be utilized to bypass model safety mechanisms
(Zhang and Lin, 2025; Peng et al., 2025; Chen
et al., 2025), while other studies investigated how
irrelevant audio acts as a distractor for text-based
reasoning (Li et al., 2025a). However, the system-
atic impact of environmental noise on audio-centric
cognitive tasks remains under-explored (Yang et al.,
2024; Wang et al., 2025a). Furthermore, while
speech enhancement (SE) (Yousif and Mahmmod,
2025; Jannu and Vanambathina, 2025; Huang et al.,
2025)is a solution in traditional pipelines, its in-
teraction with large-scale pre-trained encoders is
complex. Our work provides a quantitative gap
analysis and empirically examines the effectiveness
of denoising methods. We find that applying off-
the-shelf enhancement tools often fails to recover
performance (Chondhekar et al., 2025), highlight-
ing both the stubborn persistence of acoustic inter-
ference and the sensitivity of ALLMs to semantic
distortions introduced by enhancement artifacts.

3 NoisyBench

Uniquely, RSA-Bench establishes the first frame-
work to systematically investigate ALLM robust-
ness against complex environmental noise. Instead
of theoretical simulations, we construct four dis-
tinct real-world acoustic scenarios, each composed
of representative audio elements designed to chal-
lenge specific aspects of model stability:

» Pasture: Represents an environment dominated
by irregular animal vocalizations. We explicitly
select non-stationary sounds from cows, dogs,
hens, and sheep to test the model’s stability
against sudden biological sounds.

* Extreme Weather: Simulates a complex acous-
tic environment with mixed interference types.
This scenario combines continuous heavy rain
and wind with sudden thunderstorms and tonal
wind chimes, evaluating the model’s stability
under varying acoustic pressure.

e Classroom: Replicates a typical indoor en-
vironment characterized by subtle but persis-
tent human activity. We incorporate rhyth-
mic clock ticking alongside sporadic human-
generated noises such as coughing, keyboard
typing, and drinking, simulating a scenario
where background activities compete with the
target speech.

* Outdoors: Represents an open-air environment.
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Figure 2: Overview of the RSA-Bench data compo-
sition, which covers 6 tasks and totals over 100,000
samples.

Pasture Classroom Outdoors

To ensure ecological fidelity, we synthesize a
soundscape featuring children playing, bird
chirping, flowing streams, and texture-specific
footsteps on grass. This tests the model’s adapt-
ability to unstructured acoustic events.

3.1 Data Construction

To systematically evaluate model robustness, we
construct four distinct variations for each of the
four predefined acoustic scenarios by varying the
number of superimposed real-world interference,
specifically setting K € {1,2,3,4} to repre-
sent increasing levels of environmental complexity.
For each individual audio sample in the dataset,
this construction process follows four sequential
steps: source collection, temporal alignment, en-
ergy alignment, and superposition.

Step 1. Source Collection. The construction

of NoisyBench begins with the curation of high-

quality source materials. We aggregate data from
two distinct sources:

* Clean Audio Stream: We select samples from
six representative datasets covering both percep-
tion tasks and reasoning tasks.

* Noise Audio Stream: To simulate authentic
acoustic ecologies, we utilize recordings from
the Environmental Sound Classification (ESC)
(Piczak, 2015) subset of DynamicSuperb. These
are manually categorized into four distinct sce-
narios: Pasture, Extreme Weather, Classroom,



and Outdoor.

Step 2. Temporal Alignment. Upon obtaining
the source materials, we define the discrete-time
clean audio signal s[n] of length N. For each sam-
ple, we randomly select K noise clips from a target
environmental category (K € {1,...,4}). Let
wg[n] represent the k-th raw noise signal of length
M;.. To address the duration mismatch between
the clean audio and the noise, we apply a temporal
alignment operator. We generate the aligned noise
sequence Wy [n| using a modulo operation:

Wk [n] = wg[n mod My], for0<n < N. (1)

This formulation unifies two behaviors: if the noise
is shorter than the clean audio (M < N), it is
cyclically tiled to fill the duration; if the noise is
longer (M}, > N), it is automatically truncated to
match the target length V. This ensures continuous
background coverage.

Step 3. RMS-based Energy Alignment. To es-
tablish a consistent interference intensity, we nor-
malize the energy of the noise audio to strictly
match that of the clean audio. We first calculate
the Root Mean Square (RMS) energy for the clean
audio (R%,) and the aligned noise audio (R, ):

2
We then derive an adaptive scaling factor \; to
align the noise energy to the speech energy:

R

A\ = .
k R

3)

In our experiments, we fix A\ = 1.

Step 4. Superposition and Dynamic Constraint.
Finally, we generate the noisy speech sample by lin-
early superimposing the clean audio and the scaled
real-world interference. To ensure the audio data
remains within the valid amplitude range, we ap-
ply a hard constraint function. The final evaluation
sample z[n] is formulated as:

l‘[n] = clip <8[’I’L] + Z (wk[n} ’ )\k’)a -1, 1) )

k=1
“)
where clip(v, —1, 1) restricts the amplitude values
to the interval [—1, 1].

By executing the aforementioned four steps for
each clean sample across all scenarios and the four
interference levels (X' = 1 to 4), this combinatorial
design results in 4 scenarios x 4 intensity levels =
16 unique configurations per original sample. To-
gether with the original clean version, NoisyBench
provides a total of 17 test conditions per sample, en-
abling a fine-grained analysis of model robustness
as environmental complexity scales.

3.2 Task Taxonomy and Definitions

To comprehensively disentangle the impact of envi-
ronmental complexity on different model capabili-
ties, we categorize the six evaluation tasks into two
distinct categories: Perception & Paralinguistics
and Cognitive Reasoning.

3.2.1 Perception & Paralinguistics.

These tasks assess the model’s fundamental ability
to perceive acoustic signals and extract specific at-
tributes, evaluating whether the model can maintain
signal fidelity under environmental interference.
ASR. ASR aims to transcribe spoken content into
verbatim text. This task measures the model’s
robustness in preserving linguistic information
against environmental masking. We use source
samples from LibriSpeech (Panayotov et al., 2015)
to evaluate phonetic recognition accuracy under
complex acoustic conditions.

Gender Recognition (GR). This task evaluates the
ability to discern speaker identity traits based on
vocal characteristics. Established upon the IEMO-
CAP dataset (Busso et al., 2008), it challenges the
model to isolate the speaker’s biological features
from background environments, testing the robust-
ness of acoustic feature extraction.

Emotion Recognition (ER). Emotion is a critical
paralinguistic element conveyed through prosody
and tone. Utilizing MELD (Poria et al., 2019) as
the source, this task requires the model to interpret
the speaker’s emotional state.

3.2.2 Cognitive Reasoning.

These tasks require the model to perform logical
processing based on the audio inputs. They test
the robustness of ALLMSs’ cognitive capabilities
against acoustic interference.

Mathematical Reasoning (MR). This task in-
volves extracting numerical values to perform cal-
culations. We utilize SpokenMQA (Wei et al.,
2025) to evaluate the reliability of the model’s rea-
soning process under acoustic stress. This task
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Table 1: Results under varying noise-source count (K =0-4) in the Outdoors acoustic scenario. Variations relative to K =0 are indicated with 7 (increase) and |

(decrease). Best (worst) results within each K row are shown in bold (underlined).All data values are presented with the unit of percent (%).

assesses whether the model can accurately inter-
pret numerical information and perform correct
calculations despite environmental distractions.
Speech Question Answering (SQA). Simulat-
ing real-world comprehension requires the model
to understand spoken passages and answer logic-
dependent questions. Based on SLUE Phase-2
(Shon et al., 2023), it tests the model’s ability to
retrieve specific facts and perform deductive rea-
soning when the context is perturbed.

Speech Instruction Following (SI). Mirroring nat-
ural human-computer interaction, this task evalu-
ates whether the model can understand and execute
complex, open-ended instructions delivered via au-
dio. Using the OpenHermes (Shon et al., 2023)
instruction set, we assess the model’s capability to
parse user intent and adhere to complex constraints
within a realistic acoustic environment.

4 Experiments

Methods. We select a diverse set of representa-
tive ALLMs, ranging from unified proprietary mod-
els to open-source frameworks, including Qwen2-
Audio-7B-Instruct (Chu et al., 2024), Qwen2.5-
Omni-7B (Xu et al., 2025a), SealLLMs-Audio-
7B (Liu et al., 2025a), MERaLiON-AudioLLM-
Whisper-SEA-LION (He et al., 2024), phi-4-
multimodal-instruct (Abouelenin et al., 2025), Step-
Audio-2-mini (Wu et al., 2025), SALMONN-7B

(Tang et al., 2023), MiniCPM-0-2.6(Yao et al.,
2024), Qwen3-Omni-Flash (Xu et al., 2025b),
Qwen-Omni-Turbo (Tang et al., 2023), and GPT-
40-mini-audio (Achiam et al., 2023). These models
cover various architectures and training strategies,
providing a comprehensive view of the current land-
scape.

Evaluation Metrics. We adopt task-specific met-
rics to ensure rigorous assessment. For ASR, we
employ WER, where lower values indicate better
robustness. For Mathematical Reasoning (MR), we
calculate Accuracy (Acc) based on exact numerical
matching. For tasks involving semantic compre-
hension or paralinguistic classification (SQA, SI,
ER, GR), we utilize an LLM-as-a-Judge (Zheng
et al., 2023; Li et al., 2025b) approach. Specifically,
GPT-40-mini serves as the evaluator, scoring model
responses against ground truths on a 0-100 scale,
focusing on semantic correctness and instruction
compliance. Additionally, we evaluate all models
on a Clean Baseline (original, uncorrupted audio)
to quantify the relative performance degradation
under noisy conditions.

Inference Settings. We evaluate each ALLM
across the 17 distinct acoustic conditions per sam-
ple as defined in Sec. 3.1. This includes the origi-
nal Clean Baseline and the 16 noisy configurations
spanning the four real-world scenarios and com-
plexity levels (K = 1 to 4). This benchmarking
across a predefined stress gradient allows us to



quantify the performance gap between ideal and
complex environments.

5 Main Results

In this section, we analyze the performance of 11
ALLMs under various real-world interference con-
ditions. Our analysis explores the limits of model
robustness through four Research Questions (RQs)
covering the impact of environmental complexity,
task-specific sensitivity, acoustic ecologies, and
model-wise performance patterns.

5.1 Impact of Real-world Interference (RQ1)

Obs 1: Differentiation within Perception Tasks.
In Table 1, we observe distinct behaviors across
perception tasks under noise. GR remains highly
robust; for instance, Qwen3-Omni retains high ac-
curacy even at K=4 (95.92% — 88.94%). In con-
trast, ER proves fragile: Qwen-Turbo plunges from
52.99% (Clean) to 10.57% (K =4), while gpt-mini
collapses completely (30.61% — 0.23%). This sug-
gests coarse-grained features (gender) withstand
interference, whereas nuanced affective cues are
easily distorted.

Obs 2: Vulnerability of Reasoning-Heavy Tasks.
Tasks demanding complex cognition, such as MR,
degrade much faster than perception tasks. Step2
accuracy drops sharply from 75.00% (K=0) to
47.00% (K =1) and finally 6.00% (/=4). This
steep downward trajectory is consistent across mod-
els, with most falling below 5% accuracy under
maximum noise. Such rapid failure indicates that
noise severely disrupts the precise information ex-
traction required for multi-step reasoning.

5.2 Disparity Across Different Tasks (RQ2)

Obs 3: ASR Functional Collapse. Models show
robustness at low interference (K = 1), with phi-4
maintaining ~0.07 WER. However, performance
degrades sharply at K = 4, leading to “functional
collapse” where models ignore prompts in favor
of conversational output or gibberish. Notably,
Owen3-omni-flash surges from 0.06 WER (K = 1)
to 5.57 in Outdoors-4.

Obs 4: Robustness of Gender Recognition. GR
demonstrates exceptional resilience. Even in ex-
treme Outdoors (K = 4) conditions, accuracy
remains ~80% (dropping slightly from 84.2%
clean). This indicates biological vocal features are
far more stable against acoustic interference than
semantic features.

Obs 5: Erosion of Semantic Understanding.
Conversely, tasks requiring complex semantic pro-
cessing (SI, SQA) suffer severe degradation. Aver-
age SI scores plummet from 65.5 (Clean) to 16.4
at K = 4. Noise masking critical tokens disrupts
intent recognition, causing models to fail in instruc-
tion adherence.

5.3 Scenario-specific Impact (RQ3)

Table 2 compares model performance at K = 3.

Obs 6: Extreme Challenge of Outdoors. The
Outdoors scenario consistently imposes the heav-
iest toll. Analysis suggests that “vocal-like” non-
verbal sounds (e.g., laughter) overlap significantly
with human speech frequencies. Consequently,
Owen3-Omni’s ASR WER surges to 259.56 at
K = 3—a massive gap compared to 4.77 in the
Classroom—indicating models struggle to filter in-
terference that mimics target speech traits.

Obs 7: Resilience in Classroom Scenario. Con-
versely, models perform best in the Classroom,
where Qwen3-Omni reaches a peak MR score of
72.00 at K = 3. The discrete, thythmic nature of
noises (e.g., typing) creates “acoustic gaps,” allow-
ing ALLMs to capture speech information during
silent intervals to effectively mitigate interference.

Obs 8: Spectral Masking in Extreme Weather.
Extreme Weather degrades performance through
continuous broadband noise (e.g., rain). Acting
as a “spectral blanket,” this interference uniformly
blurs acoustic details, making fine-grained phonetic
distinction significantly harder than in sparse noise
environments and causing steady WER increases.

5.4 Cross-Model Capability (RQ4)

Obs 9: Variability in Model Resistance.
ALLMs exhibit significant performance gaps un-
der pressure. In ASR, gwen2_audio_7b_instruct
and step_audio_2_mini show resilience, maintain-
ing low WERs (~0.35) even at K = 3. In SI,
SALMONN-7B sustains a score of 54.60 under ex-
treme interference (K = 4), whereas Seal.LMs
drops drastically from 0.62 (K = 0) to 0.036.
These results highlight distinct robustness bound-
aries across architectures.

6 Robustness Mitigation via Denoising

Interference in real-world acoustic environments
can significantly degrade the performance of
ALLMs. To bridge this gap, we conduct a series of



Models

Scenario

Qwen2 SALMONN SeaLLMs Phi MERaLION Step2 MiniCPM Qwen-Turbo Qwen2.5-Omni Qwen3-Omni gpt-mini
ASR (WER |)
Pasture 14.48 73.41 36.55 12.80 22.49 14.10 38.56 40.69 43.17 10.61 87.32
Extreme Weather 24.64 170.19 64.75  34.08 38.33 25.68 64.42 46.51 49.77 43.18 85.35
Classroom 9.95 27.14 27.63 8.81 10.34 8.66 18.39 26.32 26.06 4.77 66.27
Outdoors 35.97 317.33 125.50  42.89 55.35 34.49 89.09 61.54 61.57 259.56 107.27
ER (Score 1)
Pasture 29.69 25.13 20.46  21.53 50.46 34.94 26.67 19.96 19.50 28.47 1.88
Extreme Weather 33.91 29.81 2218 2441 54.60 39.54 30.38 17.82 17.66 35.40 3.83
Classroom 34.98 29.77 22.07  23.37 55.36 38.89 27.84 22.99 23.37 32.80 4.71
Outdoors 32.84 30.46 2122 24.09 56.51 38.39 29.84 14.10 13.60 33.41 1.07
GR (Score 1)
Pasture 95.12 76.29 69.62  31.47 82.47 83.76 87.75 92.43 91.43 95.22 -
Extreme Weather  92.93 69.22 69.42  30.08 84.16 83.76 90.84 92.83 92.33 95.22 -
Classroom 95.52 72.81 77.06  33.96 84.06 89.74 85.86 94.32 95.22 95.92 -
Outdoors 87.65 65.84 7324 27.69 81.77 83.76 85.16 88.55 89.54 88.35 —
MR (Acc 1)
Pasture 20.00 3.00 22.00 1.00 28.00 30.00 19.00 20.00 23.00 44.00 29.00
Extreme Weather 15.00 0.00 8.00 1.00 15.00 14.00 10.00 13.00 10.00 29.00 24.00
Classroom 33.00 4.00 35.00 3.00 52.00 50.00 48.00 47.00 46.00 72.00 51.00
Outdoors 6.00 0.00 1.00 2.00 7.00 12.00 7.00 7.00 4.00 18.00 6.00
SQA (Score T)
Pasture 75.25 68.92 70.59  82.79 73.68 75.69 79.75 79.31 79.02 81.76 86.32
Extreme Weather  71.47 68.04 6422  80.54 76.62 74.51 76.52 76.32 80.10 81.47 84.85
Classroom 75.54 72.94 75.88  83.68 81.76 77.21 83.58 83.97 83.68 82.30 86.13
Outdoors 67.21 63.82 5574  73.28 73.68 69.07 71.37 70.20 73.53 75.74 83.38
SI (Score 1)
Pasture 35.20 53.20 26.60  22.40 55.00 40.80 58.60 56.00 53.80 62.20 59.40
Extreme Weather  29.00 54.20 23.40  20.60 45.60 37.80 39.00 49.80 48.40 57.40 51.80
Classroom 35.00 54.80 4020 2040 65.80 40.00 67.80 69.40 72.80 77.00 75.00
Outdoors 19.80 57.40 10.00 17.60 37.40 23.80 30.20 36.20 34.20 41.40 29.60

Table 2: Results under a fixed noise-source count (K =3) across four acoustic scenarios. Each block groups rows by task; values are reported as percentages. For
ASR we report word error rate (WER, lower is better), while other tasks use accuracy or LLM-judge scores (higher is better). Arrows indicate the preferred direction.

Best (worst) results within each scenario row are shown in bold (underlined).

experiments utilizing various denoising algorithms
to evaluate whether current speech enhancement
techniques can effectively restore model perfor-
mance. We select 4 representative denoising algo-
rithms for evaluations (detailed implementations
are provided in Appendix A):

* noisereduce (Sainburg et al., 2020): A tradi-
tional stationary noise reduction method based
on spectral gating.

* RNNoise (Valin, 2018): A hybrid approach com-
bining classic signal processing with Recurrent
Neural Networks (RNNs).

* Audio-Denoising (Ali and Shemi, 2015): A
Wavelet Transform approach.

* DeepFilterNet (Schroter et al., 2023): A low-
latency speech enhancement framework utilizing
complex deep filtering.

We apply these methods to clean the noisy samples
before feeding them into the ALLMs. To eval-
uate whether model performance can be further
improved, we select 3 top-performing models, in-
cluding Qwen2-Audio-7B-Instruct, MERaLiON-
AudioLLM, and Step-Audio-2-mini. The evalu-
ation is conducted on two contrasting scenarios:
Pasture and Classroom. The performance of the
enhanced audio and conduct a parallel comparison
with the noisy baseline and clean reference data.

Obs 10: Performance Decline Following De-
noising. As evidenced in Table 5, we observe
a counter-intuitive trend: applying external denois-
ing algorithms prior to inference frequently de-
grades rather than enhances model performance.
This suggests ALLMs, likely exposed to diverse
environmental sounds during pre-training, are far
more robust to natural background noise than to sig-
nal distortion and spectral artifacts from enhance-
ment techniques. For instance, in the ASR task
with Qwen2 (K=1), the Word Error Rate deteri-
orates from a baseline of 4.24 to 5.62 with au-
dio_denoising, and worsens dramatically to 12.90
with noisereduce. A similar regression is seen in
the SI semantic task, where DeepFilterNet reduces
accuracy from 47.20 to 43.00. These results in-
dicate aggressive filtering inadvertently compro-
mises critical acoustic cues (phonemic boundaries,
speaker timbre), and the negative impact of these
artifacts outweighs the theoretical benefits of noise
reduction.

Obs 11: Horizontal Comparison of Denoising
Methodologies. A horizontal comparison of dif-
ferent techniques reveals that traditional signal
processing methods are far more destructive to
ALLM performance than modern deep learning
approaches. For instance, in the K = 4 ASR
task (Classroom), noisereduce causes the WER



(a) ASR (WER |) (b) ER (Score 1)
Method K=0 K=1 K=2 K=3 K=14 Method K=0 K=1 K=2 K=3 K=14
Noise 4.24 6.47 9.95 14.63 Noise 37.47 36.28 34.98 33.72
NoiseReduce 12.90 24.16 38.56 55.74 NoiseReduce 32.11 29.16 35.21 25.79
AudioDenoise 345 5.62 10.88 18.67 30.61 AudioDenoise  51.53 36.28 34.14 34.21 23.64
PyRNNoise 7.73 15.08 24.62 36.48 PyRNNoise 32.80 29.35 35.75 31.11
DeepFilterNet 7.71 14.03 22.51 32.62 DeepFilterNet 34.56 32.34 34.83 32.64

(c) GR (Score 1) (d) MR (Acc 1)
Method K=0 K=1 K=2 K=3 K=14 Method K=0 K=1 K=2 K=3 K=14
Noise 95.22 95.62 95.52 94.62 Noise 62.00 46.00 33.00 26.00
NoiseReduce 88.55 84.56 83.47 79.68 NoiseReduce 29.00 18.00 9.00 4.00
AudioDenoise  96.02 94.82 92.73 93.53 93.23 AudioDenoise  66.00 55.00 37.00 27.00 14.00
PyRNNoise 92.63 91.43 92.13 90.94 PyRNNoise 46.00 33.00 21.00 16.00
DeepFilterNet 92.23 92.83 93.43 92.23 DeepFilterNet 44.00 32.00 21.00 18.00

(e) SQA (Score 1) (f) SI (Score 1)
Method K=0 K=1 K=2 K=3 K=14 Method K=0 K=1 K=2 K=3 K=14
Noise 78.68 78.28 75.54 72.45 Noise 4720  45.60 35.00 29.60
NoiseReduce 76.13 73.48 70.20 63.77 NoiseReduce 33.20 29.20 21.60 8.40
AudioDenoise  79.85 78.87 75.20 70.74 65.20 AudioDenoise  49.60 42.40 47.40 33.20 22.60
PyRNNoise 79.71 76.08 74.80 70.49 PyRNNoise 47.60  40.20 35.80 25.40
DeepFilterNet 81.32 77.01 73.53 72.70 DeepFilterNet 43.00 41.60 35.60 27.80

Table 3: Denoising ablation in the Classroom scenario for Qwen2. Rows are denoising methods (Noise = no denoise); columns
are noise-source count K = (...4. Values are percentages (numbers < 1 are multiplied by 100). For ASR we report WER
(lower is better); other tasks are higher-is-better. Best (worst) per K column is in bold (underlined).

/ z (Evalua'rion Case STudy] \
*

Question: From the audio, can you guess the
speaker's gender (Male or Female)?

3 MOde':According to the content of this speaker, it seams
m that the gender of the speaker is female, and the speaker is
n the state of sneeze. What's more, I gauss that the speakel

is a Youth. The health condition sounds healthy.

is male, while the model's answer incorrectly identifies
the speaker as female and also includes irrelevant details
about sneezing and health condition. The model's response:
does not accurately reflect the gender determination as

required by the question and diverges significantly from

the reference answer. Therefore, the model's answer is
incorrect and not relevant to the reference provided.

@ Judge: The reference answer states that the speaker

Figure 3: A framework of our RSA Benchmark for
evaluating Audio-LLM robustness across six different
tasks.

of Qwen2-Audio-7B-Instruct to reach 55.74%, sig-
nificantly worse than the 14.63 achieved with raw
noisy audio. While modern methods like Deep-
FilterNet demonstrate a better ability to preserve
speech information, they still fail to beat the orig-
inal noisy baseline. In the K = 4 Classroom sce-
nario, DeepFilterNet results in a WER of 32.62
for Qwen2,, remaining higher than the raw perfor-
mance of 15.70. This suggests that even advanced
denoising tools struggle to preserve the specific
acoustic features that ALLMs rely on.

7 case study

To investigate the limitations of current models, we
analyze specific failure instances across different
modalities in Figure 3. In the audio processing
task, the model exhibited severe hallucination by
incorrectly identifying a male speaker as female
and fabricating details about “sneezing” and health
conditions, leading to a score of 0.0. Similarly,
in the textual QA task regarding the spread of the
Theses, the model failed to address the specific con-
straint (duration) and instead provided a verbose
historical context, missing the core answer (“two
weeks”) entirely. These examples highlight critical
challenges in cross-modal grounding and precise
instruction following, where models struggle to dis-
tinguish between generating related knowledge and
strictly adhering to user queries.

8 Conclusion

This study empirically confirms that current
ALLMs lack the intrinsic robustness required for
intricate real-world acoustic ecologies. We observe
a severe functional collapse in cognitive reason-
ing tasks under complex acoustic interference, in
stark contrast to their relatively stable perceptual
capabilities. Furthermore, our experiments reveal
that external speech enhancement strategies often
exacerbate performance errors. To this end, investi-
gating noise-aware instruction tuning or adversarial
training paradigms is essential for cultivating sta-
bility against environmental complexity.



Limitations

While this work provides a comprehensive diag-
nosis of ALLM vulnerabilities, our investigation
into improving robustness is limited to inference-
time mitigation via external speech enhancement.
Our results indicate that such "plug-and-play" pre-
processing often fails due to the model’s sensitivity
to denoising artifacts. Consequently, we did not ex-
plore training-time interventions. Future research
should move beyond external patching and investi-
gate noise-aware instruction tuning or adversarial
training paradigms to cultivate intrinsic robustness
within the models themselves.
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A Details of Speech Enhancement
Algorithms

To investigate potential mitigation strategies
against acoustic robustness degradation, we em-
ployed four distinct speech enhancement baselines.
These methods range from traditional signal pro-
cessing to state-of-the-art deep learning architec-
tures, allowing us to evaluate the impact of different
denoising paradigms on ALLM perception.

Noisereduce. This algorithm represents a tradi-
tional baseline based on stationary spectral gating.
It operates by computing the Short-Time Fourier
Transform of the noisy signal Y (¢, f) and applying
a frequency-domain mask M (t, f). Formally, the
binary mask generation and the subsequent signal
reconstruction are defined as:

M(t, f) =LY (& ) > pn(f) + ron(f))
(&)

X(t7f):Y(t,f)'M(t,f) (6)

where 1(-) is the indicator function, uxy and oy
denote the mean and standard deviation of the pre-
calculated noise profile, and A serves as a sensitiv-
ity threshold. While effective for constant back-
ground noise, this hard-thresholding approach is
non-learnable and prone to introducing spectral
artifacts.

RNNoise. Designed for real-time VolP, RN-
Noise utilizes a hybrid architecture that combines
classic signal processing with Recurrent Neural
Networks. Instead of generating raw waveforms,
the model predicts gain adjustments for distinct
frequency bands. This method prioritizes human
perceptual intelligibility, which may not strictly
align with the feature extraction requirements of
ALLMs.

Audio-Denoising. This method adopts a genera-
tive, fully convolutional approach based on a 1D U-
Net architecture. Leveraging an encoder-decoder
structure with skip connections, it performs end-to-
end regression directly on the time-domain wave-
form. This represents a pure deep learning ap-
proach aimed at mapping noisy inputs to clean sig-
nals without relying on traditional DSP constraints.

DeepFilterNet. As a state-of-the-art low-
complexity framework, DeepFilterNet leverages
complex-valued deep filtering techniques. It mod-
els spectral envelopes using Deep Neural Networks
within the Equivalent Rectangular Bandwidth do-
main. This advanced architecture allows for supe-
rior handling of non-stationary noise, serving as
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a high-fidelity benchmark to test whether sophis-
ticated reconstruction can preserve the semantic
cues required by ALLMs.

B More specific details Example

In this section, we present additional examples and
detailed experimental data.



Evaluation Case Study

Question: How long did it take for the Theses printing to spread thought Germany?
Reference: two weeks

Model Prediction:

The Theses of Martin Luther, which were printed and distributed in Wittenberg on October 31, 1517, quickly spread
throughout Germany. Within a few months, they had reached many parts of the Holy Roman Empire, including major
cities like Nuremberg and Augsburg. The rapid dissemination was facilitated by the advent of printing technology,
particularly the invention of movable type by Johannes Gutenberg around that time. This allowed for more copies to be
produced and circulated much faster than through handwritten manuscripts alone.

The widespread distribution of these theses played a significant role in sparking the Protestant Reformation, as it brought
about increased debate among scholars and clergy regarding issues such as papal authority, indulgences, and church
practices.

Judge Response (Score: 1.0):

Explanation: The reference answer states that it took "two weeks" for the Theses to spread throughout Germany, while
the model’s answer provides a detailed explanation of the context and significance of the Theses’ dissemination but
does not mention the specific timeframe of two weeks. Therefore, the model’s response diverges significantly from the
reference in providing an accurate answer to the question asked. It does not address the duration explicitly, focusing
instead on the impact and the means of dissemination. I think this results in a low alignment with the reference answer
regarding the specific detail of the timeframe.

Evaluation Case Study

Question: Consider a connected graph GG with seven vertices and ten edges. Determine the genus of
the graph.

Reference: The genus g of a graph GG with v vertices and e edges can be determined using Euler’s
formula for a connected graph embedded on a surface of genus g: v — e + f = 2 — 2g, where f is
the number of faces.

For G with v = Tand e = 10, we solve for f: 7T— 10+ f =2 —29g — f =5+ 2g.

Substitute back into Euler’s formula: 7 — 10+ (5 +2g9) =2 —-29 — 49=0 — g =0.

The genus of the graph G is 0 (planar).

Model Prediction:

A connected graph with 7 vertices and 10 edges is a tree. In graph theory, a tree is the simplest type of connected graph
where there are no cycles. A tree with n vertices has exactly n — 1 edges, so in this case, it’s a tree because 7 — 1 = 6,
which equals the number of edges (10).

Judge Response (Score: 0.0):

Explanation: The reference answer accurately applies Euler’s formula to determine the genus of the graph, concluding
that the genus is 0, indicating that the graph can be embedded on a plane or a sphere. In contrast, the model’s answer
incorrectly states that the graph is a tree, which is not possible given that a tree with 7 vertices would have only 6
edges, not 10. Thus, the model’s answer provides incorrect information and does not address the genus calculation
or the specific characteristics of the graph as outlined in the reference. Therefore, the model’s answer is completely
misaligned with the reference answer.
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Evaluation Case Study

Question: From the audio, can you guess the speaker’s gender (Male or Female)?

Reference: Yes, I can analyze the audio and determine there is a male speaker.

Model Prediction:

According to the content of this speaker, it seams that the gender of the speaker is female, and the speaker is in the state
of sneeze. What’s more, I gauss that the speaker is a Youth. The health condition sounds healthy.

Judge Response (Score: 0.0):

Explanation: The reference answer states that the speaker is male, while the model’s answer incorrectly identifies the
speaker as female and also includes irrelevant details about sneezing and health condition. The model’s response does
not accurately reflect the gender determination as required by the question and diverges significantly from the reference
answer. Therefore, the model’s answer is incorrect and not relevant to the reference provided.

Evaluation Case Study (WER Metric)

Reference Text:
why fades the lotus of the water

Model Prediction:

the lotus of the water fades because it is a metaphor for how life is beauty can be fleeting

Metric Evaluation:

Metric: Word Error Rate (WER)
Score: 2.29 (228.57%)
Note: A WER > 1.0 indicates the prediction contains significantly more errors (insertions/substitutions) than the total

length of the reference.
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Evaluation Case Study (MathQA)

Question: what’s 33.4 minus 32.56
Instruction: Perform the required arithmetic operation and provide the result.

Reference: 0.84

Model Prediction:

To find the result of 33.4 minus 32.56, follow these steps:
1. Subtract the numbers: - Line up the decimal points - Subtract each digit from right to left
Here’s a step-by-step breakdown:

33.40
- 32.56

2. Start subtracting from the rightmost digits: - The tenths place (0.4) is greater than the hundredths place (0.6), so no
borrowing is needed. - 4 - 6 = -2, but since we can’t have a negative number in this position, borrow 1 from the ones
place.

... (omitted specific incorrect borrowing logic for brevity) ...

So the final calculation results in:

0.83

Therefore, 33.4 minus 32.56 equals 0.83.

Judge Response (Score: 0.0):

Explanation: The user requested the result of the subtraction 33.4 - 32.56. The correct mathematical result is 0.84. The
model provides a detailed step-by-step derivation but makes calculation errors in the borrowing process, ultimately
arriving at an incorrect answer of 0.83. Since the core task was a precise arithmetic operation and the result is wrong,
the response is considered a failure.
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Evaluation Case Study (MathQA)

Question: what’s 33.4 minus 32.56
Instruction: Perform the required arithmetic operation and provide the result.

Reference: 0.84

Model Prediction:

To find the result of 33.4 minus 32.56, follow these steps:
1. Subtract the numbers: - Line up the decimal points - Subtract each digit from right to left
Here’s a step-by-step breakdown:

33.40
- 32.56

2. Start subtracting from the rightmost digits: - The tenths place (0.4) is greater than the hundredths place (0.6), so no
borrowing is needed. - 4 - 6 = -2, but since we can’t have a negative number in this position, borrow 1 from the ones
place.

... (omitted repetitive steps for brevity) ...

So the final calculation results in:

0.83

Therefore, 33.4 minus 32.56 equals 0.83.

Judge Response (Score: 0.0):

Explanation: The user requested the arithmetic operation 33.4 — 32.56. The correct result is 0.84. The model attempted
to perform the subtraction step-by-step but made calculation errors in the borrowing process (incorrectly calculating the
final digit), leading to an incorrect result of 0.83. Since the answer is mathematically wrong, the response is rated as a
failure.
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«CASE_TITLE» fonttitle

Question: «QUESTION»

Reference (Judge Prompt):

[Reference Answer]
«REF _ANSWER»

[Model Answer]
«MODEL_ANSWER»

[Question]
«QUESTION»

[Task]

You are a strict evaluator. Rate the model’s answer based on its alignment with the reference
answer, focusing on accuracy and relevance to the reference. Be critical on details. If the
model response is something like “cannot decide” / “unable to answer”, rate as 0.

[Scoring Rubric]

Score 0: Refusal or non-committal (e.g., “cannot decide”), or no concrete result.

Score 0: Completely misaligned; incorrect or irrelevant compared to the reference.

Score 1: Minimal alignment; largely misunderstands or provides irrelevant details.

Score 2: On-topic but diverges significantly from the reference in accuracy or relevance.
Score 3: Generally aligned but missing key details or containing minor inaccuracies.

Score 4: Mostly accurate and relevant; closely follows the reference but could be clearer or
more complete.

Score 5: Highly accurate and detailed; matches the reference answer essentially perfectly.

[Output Format]
Explanation: (Briefly compare the reference vs. the model answer and justify the score.)
Rating: (An integer in {0,1,2,3,4,5})

Model Prediction (filled to judge):

«MODEL_PREDICTION»

Judge Response (Score: «SCORE»):

«JUDGE_EXPLANATION»
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Scene: Pasture

Model ASR MR

K=0 K=1 K =2 K = K = K=0 K=1 K =2 K =3 K =
Qwen2 3.45 4.67 8.08 14.48 24.30 66.00 58.00 39.00 20.00 10.00
SALMONN 10.49 16.16 28.38 73.41 161.12 18.00 8.00 5.00 3.00 0.00
SealLMs 5.52 19.05 15.78 36.55 65.47 62.00 52.00 31.00 22.00 9.00
Phi 1.67 2.65 5.35 12.80 25.97 3.00 5.00 1.00 1.00 0.00
MERaLION 2.34 5.32 12.74 22.49 38.13 74.00 67.00 48.00 28.00 15.00
Step2 3.90 5.27 7.81 14.10 25.94 75.00 66.00 48.00 30.00 14.00
MiniCPM 2.95 7.18 18.64 38.56 68.03 75.00 65.00 38.00 19.00 7.00
Qwen-Turbo 23.78 25.10 30.47 40.69 55.09 88.00 66.00 33.00 20.00 14.00
Qwen2.5-Omni 23.32 25.71 30.09 43.17 56.07 89.00 58.00 37.00 23.00 14.00
Qwen3-Omni 1.72 2.25 5.12 10.61 21.96 91.00 86.00 64.00 44.00 25.00
gpt-mini 50.01 60.46 72.85 87.32 100.04 93.00 74.00 50.00 29.00 15.00
Model ER SQA

K=0 K=1 K =2 K = K = K =0 K=1 K = K =3 K =
Qwen2 51.53 34.21 30.96 29.69 28.43 79.85 78.63 76.03 75.25 73.38
SALMONN 40.54 27.62 25.63 25.13 25.13 79.90 75.69 70.39 68.92 65.34
SealLMs 47.81 22.64 21.46 20.46 20.27 78.58 76.86 75.05 70.59 65.44
Phi 49.92 23.52 23.10 21.53 22.49 85.74 84.36 83.97 82.79 81.08
MERaLION 52.61 56.21 53.33 50.46 48.74 80.69 81.27 81.23 73.68 78.92
Step2 56.82 37.70 35.75 34.94 32.80 81.37 80.54 77.01 75.69 72.94
MiniCPM 55.33 28.35 27.82 26.67 26.25 82.94 83.87 82.35 79.75 76.96
Qwen-Turbo 52.99 23.68 23.56 19.96 15.63 82.50 84.17 83.33 79.31 75.00
Qwen2.5-Omni 5291 24.10 24.06 19.50 18.47 83.82 84.90 82.16 79.02 75.88
Qwen3-Omni 47.20 32.03 29.81 28.47 26.55 80.98 81.52 82.50 81.76 80.10
gpt-mini 30.61 5.90 5.17 1.88 92.00 86.62 85.83 86.37 86.32 85.98
Model GR SI

K=0 K=1 K =2 K =3 K=4 K=0 K=1 K =2 K =3 K =4
Qwen2 96.02 94.52 94.82 95.12 94.12 49.60 46.60 45.30 35.20 30.40
SALMONN 82.37 84.86 81.87 76.29 76.29 58.40 53.00 55.00 53.20 56.00
SealLMs 79.87 72.73 76.01 69.62 72.62 62.00 41.40 37.60 26.60 20.20
Phi 38.65 43.13 36.35 3147 24.20 33.20 17.40 20.00 22.40 18.00
MERaLION 85.26 84.36 83.86 82.47 78.98 71.00 68.80 62.40 55.00 42.60
Step2 86.95 88.45 83.37 83.76 77.19 58.20 50.80 44.80 40.80 35.20
MiniCPM 93.43 90.04 90.24 87.75 84.66 72.40 71.80 66.20 58.60 41.00
Qwen-Turbo 91.63 93.92 92.13 92.43 91.14 78.20 69.00 66.80 56.00 43.00
Qwen2.5-Omni 91.53 92.03 92.83 91.43 90.34 76.60 71.20 67.80 53.80 45.20
QOwen3-Omni 95.92 96.31 95.52 95.22 93.43 82.60 69.80 69.20 62.20 46.60
gpt-mini - - - - - 78.20 79.20 68.60 59.40 38.20
Scene: Extreme Weather
Model ASR MR

K=0 K=1 K =2 K=3 K=4 K =0 K=1 K =2 K =3 K =4
Qwen2 3.45 6.90 14.06 24.64 38.99 66.00 51.00 29.00 15.00 3.00
SALMONN 10.49 21.85 67.26 1.70 3.47 18.00 3.00 0.00 0.00 0.00
SeaLLMs 5.52 16.84 44.96 64.75 1.43 62.00 41.00 17.00 8.00 5.00
Phi 1.67 6.27 16.62 34.08 42.85 3.00 3.00 2.00 1.00 1.00
MERaLION 2.34 8.79 20.99 38.33 56.16 74.00 58.00 39.00 15.00 7.00
Step2 3.90 8.00 14.72 25.68 38.88 75.00 55.00 35.00 14.00 4.00
MiniCPM 2.95 14.87 33.43 64.42 80.03 75.00 49.00 30.00 10.00 5.00
Qwen-Turbo 24.00 25.00 41.00 47.00 66.00 88.00 59.00 26.00 13.00 7.00
Qwen2.5 85.27 92.19 1.02 1.28 1.51 61.00 46.00 26.00 15.00 3.00
Qwen2.5-Omni 23.00 25.00 37.00 50.00 66.00 89.00 52.00 35.00 10.00 7.00
Qwen3-Omni 2.00 5.00 12.00 43.00 95.00 91.00 75.00 51.00 29.00 14.00
gpt-mini 50.00 57.00 71.00 85.00 102.00 93.00 67.00 43.00 24.00 10.00
Model ER sQA

K=0 K=1 K =2 K = K =4 K =0 K=1 K =2 K =3 K =4
Qwen2 51.53 36.70 35.08 3391 3291 79.85 78.24 75.59 7147 67.55
SALMONN 40.54 31.05 29.81 29.81 29.73 79.90 72.70 70.34 68.04 64.71
Seal.LMs 47.81 23.18 22.30 22.18 21.53 78.58 78.04 70.69 64.22 59.95
Phi 49.92 23.95 23.22 24.41 22.99 85.74 85.15 81.72 80.54 77.60
MERaLION 52.61 56.51 56.44 54.60 54.60 80.69 80.20 79.80 76.62 74.90
Step2 56.82 39.89 40.27 39.54 39.96 81.37 81.42 77.89 74.51 71.67
MiniCPM 55.33 29.27 30.46 30.38 30.84 82.94 82.65 81.72 76.52 76.86
Qwen-Turbo 52.99 23.87 24.56 17.82 12.49 82.50 82.30 80.78 76.32 74.46
Qwen2.5 18.07 16.45 17.87 17.87 16.03 75.25 72.75 70.15 69.07 65.44
Qwen2.5-Omni 5291 23.45 25.56 17.66 14.75 83.82 83.04 81.27 80.10 75.59
Qwen3-Omni 47.20 33.98 33.98 35.40 36.40 80.98 81.37 78.33 81.47 78.87
gpt-mini 30.61 7.05 9.20 3.83 1.95 86.62 86.08 85.39 84.85 83.48
Model GR SI

K=0 K = =2 K =3 K =4 K =0 K = K =2 K =3 K =4
QOwen2 96.02 95.02 92.83 92.93 92.93 49.60 45.40 31.20 29.00 13.40
SALMONN 82.37 83.27 75.40 69.22 64.04 58.40 53.00 51.80 54.20 56.80
SealLMs classroom 69.34 73.99 69.42 66.73 62.00 46.40 34.40 23.40 8.60
Phi 38.65 40.14 39.74 30.08 22.21 33.20 23.60 19.40 20.60 13.00
MERaLION 85.26 83.86 83.07 84.16 79.78 71.00 64.60 56.20 45.60 27.00
Step2 86.95 89.34 85.26 83.76 79.38 58.20 49.60 40.80 37.80 23.40
MiniCPM 93.43 92.53 92.53 90.84 90.24 72.40 65.00 59.00 39.00 27.40
Qwen-Turbo 91.63 94.72 92.93 92.83 92.13 78.20 73.00 62.80 49.80 36.60
Qwen2.5 4373 70.78 62.97 58.15 47.17 51.40 47.40 43.40 35.60 24.60
Qwen2.5-Omni 91.53 93.82 95.02 92.33 91.93 76.60 72.60 59.60 48.40 38.20
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Owen3-Omni 95.92 95.42 95.62 95,22 94.22 82.60 75.60 62.60 57.40 41.80
gpt-mini - - - - - 78.20 73.80 63.00 51.80 31.20
Scene: Classroom
Model ASR MR

K =0 K=1 K =2 K =3 K =4 K=0 K=1 K =2 K =3 K=4
QOwen2 3.45 4.24 6.47 9.95 14.63 66.00 62.00 46.00 33.00 26.00
SALMONN 10.49 11.74 16.85 27.14 35.53 18.00 11.00 6.00 4.00 3.00
SealLLMs 5.52 7.42 15.08 27.63 52.31 62.00 57.00 47.00 35.00 27.00
Phi 1.67 2.32 3.67 8.81 12.67 3.00 5.00 5.00 3.00 3.00
MERaLION 2.34 3.46 6.10 10.34 15.70 74.00 71.00 69.00 52.00 41.00
Step2 3.90 5.67 7.56 8.66 11.68 75.00 70.00 61.00 50.00 38.00
MiniCPM 2.95 6.25 10.36 18.39 29.66 75.00 73.00 56.00 48.00 38.00
Qwen-Turbo 23.78 23.92 2591 26.32 28.95 88.00 72.00 59.00 47.00 36.00
QOwen2.5-Omni 23.32 24.16 24.32 26.06 28.83 89.00 69.00 55.00 46.00 36.00
QOwen3-Omni 1.72 2.51 344 4.77 7.67 91.00 82.00 80.00 72.00 59.00
gpt-mini 50.01 55.12 60.48 66.27 75.718 93.00 83.00 67.00 51.00 43.00
Model ER SQA

K=0 K=1 K =2 K =3 K = K=0 K = K =2 K =3 K =14
QOwen2 51.53 37.47 36.28 34.08 33.72 79.85 78.68 78.28 75.54 72.45
SALMONN 40.54 32.08 31.00 29.77 29.08 79.90 78.38 75.20 72.94 73.48
SealLMs 47.81 23.18 21.95 22.07 21.00 78.58 77.21 71.75 75.88 73.77
Phi 49.92 2391 24.18 23.37 22.53 85.74 84.56 83.14 83.68 84.17
MERaLION 52.61 56.59 55.90 55.36 54.67 80.69 81.76 79.75 81.76 79.61
Step2 56.82 40.61 38.70 38.89 37.78 81.37 81.76 79.56 77.21 76.91
MiniCPM 55.33 30.27 28.97 27.82 27.24 82.94 83.19 82.60 83.58 81.32
QOwen-Turbo 52.99 26.21 26.63 22.99 21.34 82.50 84.46 83.82 83.97 82.25
QOwen2.5-Omni 5291 26.93 27.43 23.37 22.18 83.82 84.71 83.63 83.68 81.27
Qwen3-Omni 47.20 33.49 32.26 32.80 32.80 80.98 80.93 81.72 82.30 79.71
gpt-mini 30.61 8.51 8.74 4.71 3.26 86.62 86.27 85.29 86.13 85.69
Model GR SI

K =0 K = K =2 K =3 K = K=0 K=1 K =2 K =3 K =
Owen2 96.02 95.22 95.62 95.52 94.62 49.60 47.20 45.60 35.00 29.60
SALMONN 82.37 78.49 76.20 72.81 64.54 58.40 57.40 54.00 54.80 56.20
SealLMs classroom 77.17 75.81 77.06 76.47 62.00 49.20 47.20 40.20 36.00
Phi 38.65 39.64 38.84 33.96 29.88 33.20 21.40 20.00 20.40 19.60
MERaLION 85.26 84.06 84.96 84.06 82.17 71.00 69.60 67.20 65.80 65.00
Step2 86.95 89.74 89.24 89.74 89.84 58.20 53.40 46.60 40.00 34.80
MiniCPM 93.43 92.93 90.14 89.14 85.86 72.40 72.00 67.80 67.80 63.00
Qwen-Turbo 91.63 94.02 94.02 94.32 94.22 78.20 73.60 76.00 69.40 64.80
Qwen2.5-Omni 91.53 94.52 94.62 95.22 93.13 76.60 71.80 70.80 72.80 66.80
Owen3-Omni 95.92 96.31 96.12 95.92 94.12 82.60 74.20 72.80 77.00 73.40
gpt-mini 78.20 79.00 80.00 75.00 61.00
Scene: Outdoors

K =0 K=1 K =2 K =3 K =4 K=0 K=1 K =2 K =3 K=4
QOwen2 3.45 8.49 19.67 35.97 54.75 66.00 43.00 23.00 6.00 4.00
SALMONN 10.49 24.47 124.79 317.33 509.11 18.00 5.00 2.00 0.00 0.00
SealLMs 5.52 25.49 51.13 125.50 279.27 62.00 29.00 10.00 1.00 0.00
Phi 1.67 7.07 19.54 42.89 81.12 3.00 1.00 2.00 2.00 1.00
MERaLION 2.34 11.63 30.89 55.35 76.04 74.00 46.00 27.00 7.00 3.00
Step2 3.90 7.59 20.47 34.49 66.67 75.00 47.00 26.00 12.00 6.00
MiniCPM 2.95 21.08 57.34 89.09 121.17 75.00 42.00 18.00 7.00 1.00
Qwen-Turbo 23.78 27.95 42.30 61.54 96.42 88.00 48.00 18.00 7.00 4.00
QOwen2.5-Omni 23.32 28.89 45.18 61.57 93.27 89.00 39.00 16.00 4.00 4.00
QOwen3-Omni 1.72 5.70 48.41 259.56 557.20 91.00 63.00 40.00 18.00 5.00
gpt-mini 50.01 64.69 86.97 107.27 118.39 93.00 49.00 16.00 6.00 3.00
Model ER SQA

K=0 K=1 K = K =3 K =4 K=0 K=1 K =2 K =3 K =14
QOwen2 51.53 35.33 33.68 32.84 30.84 79.85 77.21 73.97 67.21 62.25
SALMONN 40.54 30.87 30.46 30.46 30.23 79.90 73.14 67.84 63.82 62.75
SealLMs 47.81 2245 21.00 21.23 20.23 78.58 73.92 65.93 58.38 55.74
Phi 49.92 24.14 23.72 24.10 23.95 85.74 86.42 80.69 80.05 73.28
MERaLION 52.61 56.59 55.82 56.51 55.06 80.69 80.29 77.60 73.68 71.08
Step2 56.82 39.27 38.58 38.39 39.69 81.37 79.31 76.47 69.07 61.27
MiniCPM 55.33 30.04 29.35 29.85 29.43 82.94 82.45 80.00 75.78 71.37
QOwen-Turbo 52.99 2291 25.02 14.10 10.57 82.50 82.65 79.71 70.20 66.62
Qwen2.5-Omni 52.91 23.18 24.90 13.60 12.34 83.82 81.37 78.97 73.53 66.96
QOwen3-Omni 47.20 34.10 33.56 33.41 34.10 80.98 80.83 81.03 75.74 73.53
gpt-mini 30.61 5.67 8.93 1.07 0.23 86.62 86.18 86.18 83.38 79.17
Model GR SI

K =0 K=1 K =2 K =3 K =4 K =0 K=1 K =2 K =3 K=14
Qwen2 96.02 93.62 90.04 87.65 81.77 49.60 43.20 32.60 19.80 6.60
SALMONN 82.37 82.70 71.40 65.80 59.70 58.40 51.60 55.20 57.40 54.60
SealLMs 79.87 71.00 74.20 73.20 75.70 62.00 39.20 21.60 10.00 3.60
Phi 38.65 38.65 32.07 27.69 21.41 33.20 26.40 18.40 17.60 11.80
MERalLION 85.26 83.00 84.10 81.80 76.50 71.00 67.40 55.20 37.40 17.20
Step2 86.95 86.00 81.70 83.80 77.20 58.20 51.60 36.40 23.80 9.80
MiniCPM 93.43 91.30 90.10 85.20 81.90 72.40 59.80 46.80 30.20 12.00
Qwen-Turbo 91.63 91.53 89.84 88.55 86.35 78.20 70.40 53.80 36.20 21.00
QOwen2.5-Omni 91.53 91.04 90.14 89.54 87.05 76.60 68.60 56.60 34.20 20.00
Qwen3-Omni 95.92 92.53 91.33 88.35 88.94 82.60 70.20 58.40 41.40 17.80
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gpt-mini — — — | 7820 76.00 52.00 29.60 6.40

Table 4: Graph3 comprehensive results across four dimensions. Blocks are scenes; rows are models; columns
are noise-source count ' = 0...4 for each task. Values are percentages (numbers < 1 are multiplied by 100).

ASR reports WER (lower is better); others are higher-is-better. Best (worst) within each scene+task column is in
bold (underlined).
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Scene: Pasture

ASR K=1 K=2 K=3 K=4|MR K=1 K=2 K=3 K=4
Noise 4.67 8.08 14.48 24.80 | Noise 58.00 39.00 20.00 10.00
NoiseReduce 12.60 2839 5131 73.63 | NoiseReduce 32.00 17.00 4.00 1.00
AudioDenoise 7.28 17.21 34.17 56.87 | AudioDenoise  45.00 30.00 11.00 3.00
PyRNNoise 15.79 34.59 60.09 81.43 | PyRNNoise 35.00 9.00 5.00 0.00
DeepFilterNet 9.62 2428  41.81 60.68 | DeepFilterNet 50.00  25.00 7.00 3.00
ER K=1 K=2 K=3 K=4|SQA K=1 K=2 K=3 K=4
Noise 34.21 30.96 29.69 28.43 | Noise 78.63 76.03 75.25 73.38
NoiseReduce 31.23 27.28 29.43 22.95 | NoiseReduce 76.18 73.33 68.43 61.37
AudioDenoise 30.96 28.66 28.24 20.31 | AudioDenoise  78.09 74.71 69.12 63.77
PyRNNoise 31.88 30.08 27.36 29.43 | PyRNNoise 74.71 70.05 63.38 57.89
DeepkFilterNet 3349  31.23  28.66  32.18 | DeepFilterNet 79.36 7574  69.36 64.46
GR K=1 K=2 K=3 K=4|SI K=1 K=2 K=3 K=4
Noise 94.52 94.82 95.12 94.12 | Noise 46.60 45.80 35.20 30.40
NoiseReduce 88.94 87.35 81.97 81.18 | NoiseReduce 37.60 22.80 16.80 4.60
AudioDenoise 95.72 93.43 91.33 88.94 | AudioDenoise  42.80 34.40 23.40 15.20
PyRNNoise 91.83 88.25 82.67 74.70 | PyRNNoise 38.60 26.40 12.40 2.60
DeepFilterNet 92.03 90.94 92.03 89.64 | DeepFilterNet  41.80 31.40 20.00 12.60
Scene: Classroom
ASR K=1 K=2 K=3 K=4|MR K=1 K=2 K=3 K=4
Noise 4.24 6.47 9.95 14.63 | Noise 62.00 46.00 33.00 26.00
NoiseReduce 1290 24.16 38.56  55.74 | NoiseReduce 29.00 18.00 9.00 4.00
AudioDenoise 5.62 10.88 18.67 30.61 | AudioDenoise  55.00 37.00 27.00 14.00
PyRNNoise 7.73 15.08 24.62 36.48 | PyRNNoise 46.00 33.00 21.00 16.00
DeepFilterNet 7.71 14.03 2251 32.62 | DeepFilterNet 44.00  32.00  21.00 18.00
Xhlinel.IptER K =1 K =2 K =3 K =4|SQA K=1 K=2 K=3 K=4
Noise 37.47 36.28 34.98 33.72 | Noise 78.68 78.28 75.54 72.45
NoiseReduce 32.11 29.16 35.21 25.79 | NoiseReduce 76.13 73.48 70.20 63.77
AudioDenoise 36.28 34.14 34.21 23.64 | AudioDenoise  78.87 75.20 70.74 65.20
PyRNNoise 32.80 29.35 35.75 31.11 | PyRNNoise 79.71 76.08 74.80 70.49
DeepFilterNet 3456  32.34 34.83 32.64 | DeepFilterNer 81.32  77.01 73.53 72.70
GR K=1 K=2 K=3 K=4|SI K=1 K=2 K=3 K=4
Noise 95.22 95.62 95.52 94.62 | Noise 47.20 45.60 35.00 29.60
NoiseReduce 88.55 84.56 83.47 79.68 | NoiseReduce 3320 29.20 21.60 8.40
AudioDenoise 94.82 92.73 93.53 93.23 | AudioDenoise  42.40 47.40 33.20 22.60
PyRNNoise 92.63 91.43 92.13 90.94 | PyRNNoise 47.60 40.20 35.80 25.40
DeepFilterNet 92.23 92.83 93.43 92.23 | DeepFilterNet  43.00 41.60 35.60 27.80

Table 5: Denoising mitigation for Qwen2 across two acoustic scenarios. The table reports Qwen2 performance under increasing multi-source acoustic interference
(K = 1...4)inPasture and Classroom. Each task block compares the no-denoise baseline (Noise) with four denoising methods; ASR is WER (lower is better) and
other tasks are higher-is-better. Bold/underline are computed among all methods (including the Noise baseline).
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Scene: Pasture

ASR K=1 K=2 K=3 K=4|MR K=1 K=2 K=3 K=4
Noise 5.32 12.74 22.49 38.13 | Noise 67.00 48.00 28.00 15.00
NoiseReduce 13.34 30.96 54.26 73.05 | NoiseReduce 40.00 20.00 6.00 3.00
AudioDenoise 8.27 20.36 39.06 61.20 | AudioDenoise  52.00 34.00 13.00 6.00
PyRNNoise 12.58 31.89 56.58 78.60 | PyRNNoise 38.00 21.00 5.00 1.00
DeepFilterNet  7.64 19.29 37.01 56.09 | DeepFilterNet 52.00 28.00 8.00 9.00
ER K=1 K= K =3 K =4|SQA K = K = K = K =
Noise 56.21 53.33 50.46 48.74 | Noise 81.27 81.23 73.68 78.92
NoiseReduce 51.42 50.65 47.43 44.48 | NoiseReduce 78.43 80.39 75.00 70.74
AudioDenoise  52.76 50.65 47.16 38.47 | AudioDenoise  80.98 79.71 77.75 71.47
PyRNNoise 49.46 47.74 46.93 43.52 | PyRNNoise 78.53 75.44 71.08 68.53
DeepFilterNet  47.93 49.31 46.55 47.32 | DeepFilterNet  81.13 76.86 77.16 71.91
GR K=1 K= K=3 K=4|SI K = K = K = K =
Noise 84.36 83.86 82.47 78.98 | Noise 68.80 62.40 55.00 42.60
NoiseReduce 83.07 81.47 75.20 67.13 | NoiseReduce 64.60 48.60 31.00 15.00
AudioDenoise  83.86 80.88 76.89 67.13 | AudioDenoise  69.20 59.40 44.60 24.40
PyRNNoise 79.68 76.29 71.61 65.54 | PyRNNoise 63.40 49.00 25.20 6.00
DeepFilterNet  79.28 77.59 76.69 76.00 | DeepFilterNet  66.40 60.80 39.00 24.80
Scene: Classroom
ASR K=1 K=2 K=3 K=4|MR K=1 K=2 K=3 K=4
Noise 3.46 6.10 10.34 15.70 | Noise 71.00 69.00 52.00 41.00
NoiseReduce 12.70 25.08 41.62 60.09 | NoiseReduce 44.00 27.00 13.00 8.00
AudioDenoise 4.88 9.93 18.56 30.15 | AudioDenoise  67.00 53.00 29.00 23.00
PyRNNoise 5.53 11.36 19.84  29.82 | PyRNNoise 53.00 38.00  28.00 19.00
DeepFilterNet  5.77 10.50 16.98 25.00 | DeepFilterNet  60.00 44.00 28.00 19.00
ER K=1 K=2 K=3 K=4|SQA K=1 K=2 K=3 K=4
Noise 56.59 55.90 55.36 54.67 | Noise 81.76 79.75 81.76 79.61
NoiseReduce 51.15 51.30 52.34 45.36 | NoiseReduce 80.29 79.41 78.53 74.51
AudioDenoise  52.87 54.37 53.10 45.33 | AudioDenoise  80.83 81.52 80.93 78.38
PyRNNoise 51.84 51.19 51.92 49.35 | PyRNNoise 80.78 80.39 79.41 78.28
DeepFilterNet  46.93 50.96 52.68 47.85 | DeepFilterNet  80.05 79.51 80.93 77.70
GR K=1 K=2 K=3 K=4|SI K=1 K=2 K=3 K=4
Noise 84.06 84.96 84.06 82.17 | Noise 69.60 67.20 65.80 65.00
NoiseReduce 84.76 80.48 78.78 74.40 | NoiseReduce 60.80 53.60 38.20 22.60
AudioDenoise  84.06 83.37 78.78 74.70 | AudioDenoise  69.60 64.20 60.40 52.80
PyRNNoise 78.49 79.08 80.78 78.39 | PyRNNoise 68.00 66.00 60.40 52.60
DeepFilterNet  79.38 80.08 77.89 78.59 | DeepFilterNet  67.80 65.20 63.20 50.00

I
Table 6: Denoising mitigation for MERaLION across two acoustic scenarios. The table reports MERaLION performance under increasing multi-source acoustic
interference (K = 1. .. 4) in Pasture and Classroom. Each task block compares the no-denoise baseline (Noise) with four denoising methods; ASR is WER (lower
is better) and other tasks are higher-is-better. Bold/underline are computed among all methods (including the Noise baseline).

22



Scene: Pasture

ASR K=1 K=2 K=3 K=4|MR K=1 K=2 K=3 K=4
Noise 5.27 7.81 14.10 25.94 | Noise 66.00 48.00 30.00 14.00
NoiseReduce 10.57  25.63 69.87  183.00 | NoiseReduce 40.00  22.00 6.00 2.00
AudioDenoise 6.97 13.74 34.34 55.88 | AudioDenoise  54.00 40.00 14.00 6.00
PyRNNoise 14.69 37.58 73.92  105.67 | PyRNNoise 42.00 15.00 7.00 1.00
DeepFilterNet  10.06 2020 4642  86.65 | DeepFilterNet 52.00  31.00 10.00 6.00
ER K=1 K=2 K=3 K =4|SQA K=1 K=2 K=3 K=4
Noise 37.70 35.75 34.94 32.80 | Noise 80.54 77.01 75.69 72.94
NoiseReduce 35.10 32.34 34.32 23.64 | NoiseReduce 79.90 75.34 67.75 58.43
AudioDenoise  36.97 34.44 31.65 26.74 | AudioDenoise  79.61 77.01 70.54 65.74
PyRNNoise 37.89 35.63 33.60 32.45 | PyRNNoise 79.12 74.71 69.85 61.42
DeepFilterNet  38.66 37.13 32.45 39.04 | DeepFilterNet  81.62 80.34 75.78 68.09
GR K=1 K=2 K=3 K=4|SI K=1 K=2 K=3 K=4
Noise 88.45 83.37 83.76 77.19 | Noise 50.80 44.80 40.80 35.20
NoiseReduce 88.45 85.96 84.46 79.28 | NoiseReduce 46.80 37.00 17.20 6.40
AudioDenoise  86.25 86.35 83.96 78.39 | AudioDenoise  48.40 39.40 29.00 12.80
PyRNNoise 88.94 84.96 78.69 73.51 | PyRNNoise 48.40 25.60 13.40 2.80
DeepFilterNet  86.95 83.37 80.58 77.89 | DeepFilterNet  55.40 42.20 24.60 12.00
Scene: Classroom
ASR K=1 K=2 K=3 K=4|MR K=1 K=2 K=3 K=4
Noise 5.67 7.56 8.66 11.68 | Noise 70.00 61.00 50.00 38.00
NoiseReduce 12.19  21.02 4122  86.09 | NoiseReduce 33.00 24.00 11.00 4.00
AudioDenoise 5.66 9.58 17.09 35.65 | AudioDenoise  53.00 44.00 29.00 18.00
PyRNNoise 8.21 10.69 20.78 30.57 | PyRNNoise 55.00 39.00 32.00 19.00
DeepFilterNet  7.03 13.07  20.20  28.51 | DeepFilterNet 60.00  42.00  32.00 17.00
ER K=1 K=2 K=3 K=4/|SQA K=1 K=2 K=3 K=4
Noise 40.61 38.70 38.89 37.78 | Noise 81.76 79.56 77.21 76.91
NoiseReduce 38.66 37.32 35.79 33.87 | NoiseReduce 78.09 76.52 69.80 67.79
AudioDenoise  39.43 37.32 36.70 26.74 | AudioDenoise  80.83 77.06 75.69 68.63
PyRNNoise 38.01 37.32 36.09 34.60 | PyRNNoise 79.02 80.34 78.63 77.35
DeepFilterNet  38.54 38.54 37.09 37.89 | DeepFilterNet  80.59 81.23 81.27 77.16
GR K=1 K=2 K=3 K=4|SI K=1 K=2 K=3 K=4
Noise 89.74 89.24 89.74 89.84 | Noise 53.40 46.60 40.00 34.80
NoiseReduce 89.34 88.75 87.25 83.86 | NoiseReduce 46.40 38.60 22.20 11.40
AudioDenoise  89.44 87.85 86.85 87.85 | AudioDenoise  54.00 46.60 39.20 29.00
PyRNNoise 91.14 88.05 85.86 86.85 | PyRNNoise 54.60 46.00 43.60 33.00
DeepFilterNet  87.65 89.34 85.06 85.96 | DeepFilterNet  62.60 53.60 46.20 38.20

I
Table 7: Impact of denoising methods on Step2 under multi-source acoustic interference. The table compares six tasks (ASR, ER, GR, MR, SQA, SI) in two
scenarios (Pasture vs. Classroom) as the number of interfering noise sources increases (K = 1. ..4). Each block reports the no-denoise baseline (Noise) and four
denoising methods. For ASR we report WER (lower is better); other tasks use higher-is-better scores. Bold/underline are computed among all methods (including

the Noise baseline).

2

3



	Introduction
	Related Work
	NoisyBench
	Data Construction
	Task Taxonomy and Definitions
	Perception & Paralinguistics.
	Cognitive Reasoning.


	Experiments
	Main Results
	Impact of Real-world Interference (RQ1)
	Disparity Across Different Tasks (RQ2)
	Scenario-specific Impact (RQ3)
	Cross-Model Capability (RQ4)

	Robustness Mitigation via Denoising
	case study
	Conclusion
	Details of Speech Enhancement Algorithms
	More specific details Example

