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Abstract

Large Audio Language Models (LALMs) are transforming
AI by processing and generating human language directly
from audio. As these models proliferate in real-world appli-
cations, it becomes critical to evaluate their performance to
ensure equitable and safe use across diverse linguistic and
cultural contexts. We present the first comprehensive study
of cultural bias in LALMs, extending text-based harm frame-
works to the audio modality to analyze how linguistic diver-
sity influences model behavior and uncover challenges in in-
terpreting audio nuances. To address this, we introduce the
Audio Cultural Intelligence Dataset (ACID), a multilingual
audio–text benchmark spanning 1,315 hours across diverse
languages and cultural contexts, and we conduct a systematic
evaluation of 10 open-source and two closed-source models.
Our results reveal substantial performance disparities across
languages and cultural settings and show that biases manifest
distinctly when models process audio inputs. These findings
highlight the need to evaluate LALMs not only for technical
accuracy but also for fair and culturally sensitive behavior,
motivating the development of inclusive datasets and cultur-
ally aware training practices for safer and more equitable au-
dio language models.

Benchmark — www.iab-rubric.org/resources/other-
databases/acid-benchmark

Introduction
Large Audio Language Models are transforming the way we
interact with technology. These models can directly process,
understand, and generate responses from audio, eliminat-
ing the need to first convert speech into text. This advance-
ment has accelerated the development of applications such
as multilingual voice assistants and real-time conversational
agents that can interact with people from diverse linguistic
and cultural backgrounds. Recent innovations have led to
increasingly powerful LALMs. Some notable examples in-
clude LTU (Gong et al. 2024), LTU-AS (Gong et al. 2023),
GAMA (Ghosh et al. 2024), Pengi (Deshmukh et al. 2023),
Audio Flamingo-V1 (Kong et al. 2024), Audio Flamingo-
V2 (Ghosh et al. 2025), Qwen-Audio (Chu et al. 2023),
SALMONN (Tang et al. 2024), and MERaLiON (He et al.
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Figure 1: This figure illustrates multicultural and multilin-
gual user interactions across diverse language systems and
cultural contexts. It showcases cross-cultural communica-
tion in 10 languages, highlighting the challenge of devel-
oping culturally sensitive AI for global digital interactions.

2025b,a). These models demonstrate impressive technical
capabilities in handling audio across many tasks and do-
mains. However, despite their strong performance, we still
do not fully understand how these models align with cul-
tural values or whether they exhibit biases across different
linguistic communities. This is a significant concern, es-
pecially as LALMs become more widely deployed around
the world. Figure 1 illustrates multicultural and multilingual
user interactions across diverse language systems and cul-
tural contexts, highlighting the challenge of developing cul-
turally sensitive AI for global digital interactions.

The issue of cultural bias in LALMs presents a signifi-
cant and complex challenge, going beyond concerns typi-
cally studied in text-based models. LALMs must not only in-
terpret linguistic content but also decipher the intricate cul-
tural nuances embedded within speech itself, which vary
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profoundly across different societies. This challenge is fur-
ther compounded by the predominant training of LALMs
on datasets that heavily favor high-resource languages and
Western cultural perspectives (Tao et al. 2024), leading to
systemic under-representation of diverse global communi-
ties. As a result, cultural misalignment in these models can
lead to outputs that misrepresent, marginalize, or even ac-
tively harm specific communities, especially when dealing
with culturally sensitive subjects or region-specific social
norms. For example, a LALM’s response to inquiries about
family structures, religious practices, or social hierarchies
might differ significantly when processing audio in Hindi
versus French. This disparity does not stem solely from lin-
guistic differences, but rather from inherent cultural assump-
tions and biases absorbed during training.

When LALMs process languages like Bengali or Arabic,
they can perpetuate harmful stereotypes or overlook crucial
cultural contexts. The lack of diverse cultural knowledge
means LALMs are fundamentally unprepared for global lin-
guistic and cultural diversity. Addressing this problem is not
only a matter of improving model quality, but also of ensur-
ing that LALMs behave ethically and equitably across cul-
tural contexts.

Our work directly addresses this challenge of cultural bias
in Large Audio Language Models. We introduce the ACID
Benchmark to evaluate cultural nuances in the audio domain
across 10 diverse languages, and our evaluation reveals sig-
nificant cultural and safety failures in current LALMs. This
establishes a critical baseline and highlights fundamental
limitations that must be addressed in future systems. Our
key contributions can be summarized as follows:
• The first comprehensive, large-scale investigation into

cultural bias and alignment within LALMs.

• Introducing the ACID Benchmark , the first of its
kind for the evaluation and assessment of cultural nu-
ances directly from audio.

• Setting up baselines across 10 diverse languages, while
highlighting limitations of current 12 SOTA founda-
tional models to guide the development of more equi-
table LALMs.

Related Work
Research on cultural bias in large language models (LLMs)
highlights their tendency to reflect and amplify dominant
cultural norms from their training data, leading to the
marginalization or misrepresentation of underrepresented
communities (Gallegos et al. 2024). These biases extend be-
yond surface-level preferences, influencing semantic under-
standing and reasoning tasks, often favoring Western inter-
pretations (Naous et al. 2024). This pervasive bias has been
observed across various dimensions, including gender roles,
religious practices, and social hierarchies. To counter these
limitations, researchers have explored mitigation strategies.
Dataset augmentation efforts such as CultureLLM (Li et al.
2024a) and CulturePark (Li et al. 2024b) incorporate cul-
turally diverse content through simulated dialogues and
region-specific knowledge. Relative prompting techniques
also show promise by embedding cultural tokens to guide

models toward appropriate outputs (AlKhamissi et al. 2024).
While these methods aim for proactive cultural awareness,
their effectiveness is often limited by underlying architec-
tural assumptions.

Evaluation methodologies have also advanced. Tools like
the CULTURE-GEN dataset (Li et al. 2024c) assess mod-
els’ ability to generate culturally relevant content, while the
Value Kaleidoscope framework (Sorensen et al. 2024) en-
courages models to engage with multiple human values. De-
spite these tools, models consistently demonstrate superior
alignment with Western cultural values and struggle with
non-Western and underrepresented scenarios. Preference-
based fine-tuning methods such as Direct Preference Opti-
mization (DPO) (Rafailov et al. 2024) and Odds Ratio Pref-
erence Optimization (ORPO) (Hong, Lee, and Thorne 2024)
leverage human feedback to reduce culturally harmful con-
tent, and this approach shows measurable improvements in
cultural sensitivity.

Despite these significant advancements, existing research
has primarily focused on text-based interactions, leaving a
critical gap in understanding how cultural bias manifests in
multimodal contexts, particularly in LALMs. Initial efforts
begin to explore this space through audio-augmented re-
trieval, multilingual audio evaluation, and multimodal deep-
fake analysis (Dutta et al. 2025a,b; Ranjan, Vatsa, and Singh
2025; Thakral et al. 2025). The audio modality introduces
additional layers of complexity, as cultural nuances are con-
veyed not only through linguistic content but also through
prosodic features and speaking patterns unique to differ-
ent cultures. Our work addresses this fundamental limitation
by extending cultural bias evaluation to the audio domain.
We introduce the first comprehensive multilingual dataset
of culturally sensitive audio–text pairs across 10 languages,
providing a novel benchmark to evaluate and improve cul-
tural safety in LALMs and to establish foundations for cul-
turally aware multimodal AI systems.

Proposed Audio Cultural Intelligence Dataset
(ACID Benchmark)

The rapid deployment of LALMs has outpaced our methods
for ensuring they are safe and fair for a global audience. Ex-
isting evaluation frameworks, with their near-exclusive fo-
cus on text, fail to address a crucial vector for bias: the hu-
man voice itself. Cultural nuances, encoded in audio signals,
are currently ignored, creating a critical risk that these mod-
els will misinterpret, misrepresent, or offend various user
groups. To address this urgent need for a more holistic eval-
uation, we present the Audio Cultural Intelligence Dataset
(ACID). As the first comprehensive resource of its kind, the
ACID Benchmark is specifically designed to test how cul-
tural understanding and bias manifest when LALMs process
audio inputs. It provides an essential tool for moving beyond
text-based limitations and beginning the vital work of build-
ing truly culturally intelligent audio models.

Curation and Creation
Our Benchmark builds upon and significantly extends the
CulturalKaleidoscope framework, originally developed for
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Figure 2: Illustrates the distribution across 11 cultures of 12 key societal dimensions (e.g., Religion, Ethics, Security).

text-based LLM evaluation (Banerjee et al. 2025), which
tests models by providing culturally harmful inputs, by
adapting its theoretical foundations to address the unique
challenges posed by the audio modality. The original frame-
work established two fundamental components that have
proven essential for comprehensive cultural evaluation: (i)
a cultural harm test set containing carefully crafted prompts
designed to extract culturally insensitive responses and re-
veal systematic biases across different cultural contexts, and
(ii) a culturally aligned preference set that facilitates fine-
tuning through human feedback mechanisms to systemati-
cally reduce harmful outputs while preserving model utility.
These components have been meticulously adapted and sub-
stantially extended for LALMs.
The dataset is organized with three dimensions:

• Languages: The dataset encompasses ten distinct lan-
guages, each carefully selected to represent significant
linguistic families, and most spoken languages are 1: Ara-
bic, Bengali, English, French, Gujarati, Hindi, Russian,
Telugu, Turkish, Vietnamese.

• Societal dimensions: It covers 12 sensitive societal di-
mensions identified through the 2World Values Survey
(WVS): Science, Political, Social Capital, Trust and
Ethics, Economic Values, Security, Social Values, Po-
litical Culture, Corruption, Happiness, Well-Being, Re-
ligion, and Migration.

• Cultures: To capture diverse worldviews, the dataset fo-
cuses on the following specific cultures: Arabic, Ben-
gali, Chinese, Hindi, Japanese, Russian, German, Ko-
rean, Spanish, Portuguese, and English. These were se-
lected based on cross-cultural research indicating their
significance in shaping cultural perspectives and their po-
tential for revealing systematic biases in AI systems.

1https://en.wikipedia.org/wiki/List of languages by number
of native speakers

2https://www.worldvaluessurvey.org/wvs.jsp

To ensure comprehensive linguistic diversity representa-
tion across our dataset, we implemented a rigorous multi-
stage translation process that converted all culturally sensi-
tive prompts from English into target languages, i.e., men-
tioned above. The translation process was designed to ad-
dress the unique challenges of preserving cultural nuances
and contextual appropriateness when adapting culturally
sensitive content across linguistically and culturally diverse
contexts. We employed multiple state-of-the-art neural ma-
chine translation models to generate candidate translations
for each sample, including NLLB (No Language Left Be-
hind) (Team et al. 2022), Opus-MT (Tiedemann and Thot-
tingal 2020), MADLAD-400 (Kudugunta et al. 2023), In-
dicTrans2 (Gala et al. 2023), and T5: Text-To-Text Trans-
fer Transformer (Raffel et al. 2020). Each model generated
independent translations for all culturally sensitive prompts
across the targeted languages, resulting in multiple candi-
date translations for each source prompt. To ensure opti-
mal translation quality, we evaluated all candidate transla-
tions using the BLEU and CometKiwi scores (Papineni et al.
2002; Rei et al. 2022), systematically selecting the highest-
scoring translation for each language. This selection pro-
cess ensured that we leveraged the strengths of all state-of-
the-art translation models while maintaining consistent qual-
ity across all languages. The final dataset contains only the
best translations, as determined by our objective, and can
be seen in Table 1. This comprehensive translation strat-
egy was crucial for maintaining the integrity of our cultural
evaluation framework, as inaccurate translations could sig-
nificantly compromise the validity of our assessment across
diverse linguistic and cultural contexts.

In the next stage to convert the translated textual prompts
into authentic spoken language representations, we used
text-to-speech synthesis and evaluation process using mul-
tiple specialized TTS models to identify the optimal synthe-
sized outputs for our multilingual dataset. We used several
state-of-the-art TTS models, including Facebook MMS-TTS
(Pratap et al. 2023), Indic-TTS and Indic Parler-TTS (Ku-
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Language Set-A Set-B Set-C Average
BLEU Comet BLEU Comet BLEU Comet BLEU Comet

Arabic 0.7682 0.8155 0.7625 0.8515 0.8318 0.8398 0.7875 0.8356
Bengali 0.7565 0.8696 0.6933 0.8924 0.7906 0.8877 0.7468 0.8832
French 0.7850 0.8627 0.7843 0.8814 0.8006 0.8814 0.7900 0.8752
Gujarati 0.7908 0.8802 0.7846 0.8965 0.8394 0.8878 0.8049 0.8882
Hindi 0.7614 0.8528 0.8500 0.8748 0.8369 0.8672 0.8161 0.8649
Russian 0.7737 0.8387 0.8386 0.8724 0.8190 0.8723 0.8104 0.8612
Telugu 0.7816 0.8525 0.7936 0.8755 0.8372 0.8661 0.8041 0.8647
Turkish 0.7419 0.8658 0.7933 0.8857 0.7910 0.8776 0.7754 0.8764
Vietnamese 0.7213 0.8383 0.8016 0.8694 0.8015 0.8575 0.7748 0.8551

Table 1: BLEU and CometKiwi scores for multilingual
translation evaluation across nine languages (Arabic, Ben-
gali, French, Gujarati, Hindi, Russian, Telugu, Turkish, and
Vietnamese) from English on three different test sets (Set-A,
Set-B, Set-C) with corresponding averages.

mar et al. 2023), Kokoro (Hexgrad 2023), and Bark (Suno-
AI 2023). Each model was tested to generate audio samples
for culturally sensitive prompts, allowing us to compare out-
put quality and consistency. Through comprehensive evalu-
ation of quality and consistency, we finally used MMS-TTS
because of its output quality across a diverse set of inputs,
providing the balanced and accurate audio outputs required
for meaningful evaluation of LALMs.

Quality and Statistics
To ensure the reliability and methodological rigor of our
multilingual audio dataset, we implemented a comprehen-
sive audio quality assessment that evaluates both linguis-
tic fidelity and perceptual audio quality across all lan-
guages. Our quality assessment employed the state-of-the-
art Whisper-v3 model (Radford et al. 2023), a robust au-
tomatic speech recognition system, to transcribe all gener-
ated audio samples and systematically compare them against
the original translated text. This transcription-based eval-
uation enabled us to quantitatively assess the linguistic
accuracy and phonetic fidelity of the synthesized speech
across the dataset, ensuring that meaning was preserved
during the text-to-speech conversion process. We also uti-
lized DNS-MOS (Deep Noise Suppression Mean Opinion
Score) (Reddy, Gopal, and Cutler 2021, 2022) and MOSNet
(Lo et al. 2019), a non-intrusive speech quality metric that
estimates perceptual audio quality without requiring refer-
ence recordings. This metric allowed us to objectively mea-
sure critical acoustic properties, including clarity, natural-
ness, spectral consistency, and overall quality across all syn-
thesized samples, ensuring that our dataset meets the stan-
dards necessary for realistic spoken language evaluation for
LALMs. From Table 2, we can easily infer that the audio
samples do meet the standards in terms of perceptual and
semantic quality.

Our dataset architecture is organized into three distinct
subsets spanning 1,315 hours. Each subset addresses spe-
cific objectives in the LALM assessment. Set-A is the cul-
tural harm evaluation component, which contains 11,620 cu-
rated samples. These are derived from 1,162 culturally sen-
sitive prompts. The prompts are synthesized across all lan-
guages. This set targets single-turn interaction evaluation. It
assesses immediate responses to sensitive queries. Set-B is

Language SIG OVRL P808 MOS MOSNet
Arabic 3.6407 3.3787 3.8023 3.5587
Bengali 3.5390 3.3190 3.8373 3.4937
English 3.5680 3.2703 4.0953 3.1660
French 3.5560 3.3190 4.0243 3.4323
Gujarati 3.5530 3.3167 4.3067 3.5178
Hindi 3.4977 3.2657 3.8460 3.0234
Russian 3.5163 3.2660 4.1627 3.4275
Telugu 3.4970 3.2320 3.9510 3.3956
Turkish 3.5730 3.2907 3.9847 3.8335
Vietnamese 3.5037 3.2553 3.8113 2.9132

(a) Audio quality across all languages using four perceptual quality
metrics: SIG (Signal quality), OVRL (Overall quality), P808-MOS
(Perceptual Evaluation of Speech Quality Mean Opinion Score),
and MOSNet for each set.

Set-A Set-B Set-C
CER WER CER WER CER WER
0.210 0.454 0.200 0.421 0.208 0.439

(b) Transcription metrics, showing the Character Error Rate (CER)
and Word Error Rate (WER) averaged across all languages.

Table 2: Data quality metrics for the benchmark dataset,
detailing perceptual audio quality per language and overall
transcription accuracy of audio samples.

the contextual sensitivity evaluation component, which en-
compasses 77,860 samples. These come from 7,786 multi-
turn conversational sequences. Each dialogue is rendered
in all languages. This enables a systematic assessment of
cultural biases, revealing how biases manifest in extended
contexts. Set-C forms the alignment and preference opti-
mization component, comprising 300,000 samples. These
are constructed from 30,000 culturally aligned pairs. The
pairs span all languages. This supports advanced preference-
based fine-tuning. It also supports safety alignment proce-
dures for LALMs. This systematic organization builds upon
and extends the theoretical framework established by the
CulturalKaleidoscope (Banerjee et al. 2025), while expand-
ing the scope to address the unique challenges of spoken
language cultural evaluation in LALMs. Culture-specific
distributions can be inferred from Figure 2. We have also
conducted human evaluations for further strengthening the
overall quality evaluation of our ACID Benchmark, and the
results are summarized in the supplementary file.

Applications: By incorporating both culturally harmful
and culturally aligned examples across multiple languages
and modalities, this dataset establishes a comprehensive
benchmark for evaluating LALMs in multilingual and multi-
cultural contextual scenarios. The dataset enables systematic
analysis of model outputs across interactions, supporting de-
tailed investigation of how cultural biases evolve and mani-
fest throughout extended inputs. Furthermore, the inclusion
of preference-based examples facilitates the application of
alignment techniques such as Direct Preference Optimiza-
tion (DPO) and Constitutional AI approaches to systemati-
cally improve cultural safety and sensitivity in LALMs.
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Formulation and Experimental Setup
We formalize LALM evaluation to address the unique
challenges of multimodal cultural assessment. Let a cultur-
ally sensitive prompt be represented as a multimodal pair
(S = (p,X)), where (p) denotes the textual instruction
for the model or can be treated as system prompt for
the culturally sensitive query and (X = x1, x2, . . . , xT )
represents the audio inputs that contain culturally sensitive
content. Given this multimodal input consisting of prompt
(p) and its audio (X), a pretrained LALM (fθ) generates a
textual response (r = fθ(X, p)) that integrates both textual
content and audio information. The generated response
(r) is subsequently subjected to comprehensive evaluation
across multiple dimensions, including safety assessment,
semantic relevance scoring, and sentiment polarity analysis,
to systematically quantify the model’s sensitivity and
patterns across diverse linguistic and cultural contexts.

Evaluation and Implementation Details: To comprehen-
sively evaluate the models, we employed multiple strate-
gies for assessing the qualitative aspects of the generated
outputs. For safety analysis, we utilized Llama Guard (Inan
et al. 2023), which uses an LLM as a judge, to classify re-
sponses as either safe or unsafe. The relevance of the gen-
erated text was quantified using a scoring mechanism pow-
ered by the Qwen3 (QwenTeam 2025) embedding model,
which is used to calculate the cosine similarity between the
input query and the model’s responses. Sentiment analy-
sis was conducted using models from TabularisAI (Gyamfi,
Borisov, and Schreiber 2025) to determine if the statements
were overall positive or negative. This entire experimental
process was carried out on the A100 and V100 GPUs to en-
sure computational efficiency and manage the demands of
these large-scale models.

Results and Analysis
The empirical outcomes of our comparative evaluation, fo-
cused on quantifying the responses of the baseline LALMs,
are systematically presented in Tables 3, 4, and 5. This
analysis spans a linguistically diverse dataset encompass-
ing multiple languages, each partitioned into three distinct
subsets (Set-A, Set-B, and Set-C) to evaluate model perfor-
mance under varied conditions.

Relevance Score Analysis
An analysis of our evaluation, as presented in Table 3, indi-
cates clear superiority of the MERaLiON model. It consis-
tently outperformed its contemporaries across all evaluated
languages and data subsets, achieving the highest relevance
scores, primarily in the range of 0.35 to 0.46. This perfor-
mance gap holds true for both high-resource languages like
English and French and lower-resource languages such as
Telugu and Gujarati. Despite this dominance, its absolute
relevance scores, which never exceed 0.50, highlight a sig-
nificant performance gap. The model’s peak score of 0.4624
in Turkish (Set-A), along with its stability across multi-
ple datasets (A, B, and C), points to a more robust audio-
language mapping. However, this overall performance un-

derscores a clear gap in achieving true conversational com-
prehension across the field.

Immediately below MERaLiON, SALMONN, and LTU-
AS form a second-tier group. These models are demonstra-
bly superior to other baselines; however, their high rele-
vance scores are partially inflated by an architectural artifact.
We observed that these models often default to transcrib-
ing the input audio rather than providing a direct, abstrac-
tive answer. This transcription behavior naturally increases
lexical overlap with the source audio, thereby boosting the
relevance score metric. For example, SALMONN achieved
scores between 0.25 and 0.38, even surpassing MERaLiON
with a score of 0.4269 in French (Set-B). This specific score,
however, is heavily influenced by its transcribing tendency.
To account for this, we have penalized the final score based
on the degree of transcribing behavior. If the models’ out-
put matches by x%, then the relevance score is decreased by
x/2%, which complicates the interpretation of “relevance”
as true comprehension.

Sentiment Score Analysis
A sentiment analysis was conducted to assess the generated
responses. As shown by the positive sentiment scores in Ta-
ble 4, a distinct and often counterintuitive pattern emerged.

The LTU model consistently achieved the highest posi-
tive sentiment scores (0.64-0.66) across all languages and
subsets. However, this apparent positivity is misleading.
Qualitative analysis reveals that these high scores are a
direct result of the model’s tendency to produce generic,
non-relevant outputs, such as ”person speaking” or ”human
speech.” Consequently, LTU demonstrates a significant dis-
parity: it has the lowest relevance scores while simultane-
ously generating the most positive outputs. This suggests
that instead of formulating a relevant response, models like
LTU, Pengi, and GAMA produce generic, audio-relevant but
ultimately unhelpful content.

Other models, including AFL-CT (0.56-0.58), MER-
aLiON (0.53-0.58), LTU-AS (0.49-0.51), and Qwen-Audio
(0.48-0.49), show moderate positive sentiment. While these
models generally exhibit higher relevance than LTU, their
lower positive sentiment scores indicate a more neutral
output, still reflecting a struggle to answer the user’s query
effectively.

Safety Evaluation using Llama Guard shows a critical dis-
tinction between apparent and genuine safety by classifying
models’ responses in “safe/unsafe” categories. While most
models, like LTU and GAMA, show a near-zero rate of un-
safe responses, this is a misleading indicator. Our qualitative
analysis shows their high safety scores stem from a failure
to generate contextually relevant answers; they often pro-
duce generic outputs or merely transcribe the audio, thereby
avoiding the nuanced prompts that could lead to an unsafe
response. Their safety is thus a byproduct of irrelevance,
not robust, context-aware moderation. Conversely, models
such as LTU-AS and SALMONN exhibited a higher rate
of unsafe responses, which is attributed to their tendency to
produce flagged content when their transcriptive properties
combine with other limitations.
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Language LTU LTU-AS GAMA Pengi AFL-CT AFL-FDN AFL-2 Qwen-Audio SALMONN MERaLiON
Set-A 0.1254 0.2020 0.1635 0.1775 0.1390 0.1659 0.1692 0.1672 0.2801 0.3696
Set-B 0.1204 0.3924 0.1669 0.1630 0.1366 0.1533 0.1610 0.1523 0.2967 0.3667Arabic
Set-C 0.1287 0.3625 0.1838 0.1678 0.1462 0.1656 0.1707 0.1581 0.2631 0.3791
Set-A 0.1360 0.1610 0.1751 0.1959 0.1468 0.1727 0.1854 0.1722 0.2252 0.3542
Set-B 0.1361 0.3595 0.1791 0.1903 0.1468 0.1636 0.1800 0.1825 0.2469 0.3500Bengali
Set-C 0.1520 0.3285 0.1985 0.2005 0.1628 0.1856 0.1953 0.1849 0.2350 0.3725
Set-A 0.1190 0.2868 0.1563 0.1698 0.1352 0.1646 0.1647 0.1521 0.3070 0.3186
Set-B 0.1277 0.3358 0.1701 0.1691 0.1407 0.1629 0.1712 0.1524 0.3725 0.3907English
Set-C 0.1146 0.2721 0.1731 0.1540 0.1332 0.1536 0.1594 0.1219 0.2935 0.3527
Set-A 0.1506 0.2281 0.1922 0.2256 0.1529 0.2064 0.1972 0.2315 0.3561 0.3677
Set-B 0.1458 0.4052 0.1921 0.2143 0.1592 0.1975 0.1893 0.2253 0.4269 0.4129French
Set-C 0.1621 0.3614 0.2153 0.2280 0.1539 0.2155 0.2035 0.2239 0.3481 0.3703
Set-A 0.1733 0.2064 0.2163 0.2382 0.1783 0.2120 0.2196 0.2265 0.2419 0.4294
Set-B 0.1753 0.3338 0.2199 0.2345 0.1848 0.2097 0.2204 0.2320 0.2582 0.3998Gujarati
Set-C 0.1826 0.2982 0.2379 0.2369 0.1973 0.2208 0.2260 0.2276 0.2615 0.4261
Set-A 0.1331 0.1964 0.1799 0.1919 0.1395 0.1746 0.1807 0.1783 0.2799 0.3600
Set-B 0.1322 0.3932 0.1801 0.1847 0.1408 0.1657 0.1765 0.1859 0.3266 0.3714Hindi
Set-C 0.1505 0.3740 0.2052 0.1987 0.1610 0.1850 0.1946 0.1941 0.2982 0.3868
Set-A 0.1272 0.2118 0.1713 0.1869 0.1408 0.1712 0.1738 0.1648 0.3163 0.3949
Set-B 0.1240 0.3678 0.1719 0.1725 0.1421 0.1577 0.1680 0.1636 0.3741 0.4086Russian
Set-C 0.1303 0.3463 0.1909 0.1776 0.1462 0.1703 0.1767 0.1681 0.2357 0.3827
Set-A 0.1831 0.1735 0.2228 0.2345 0.1685 0.2227 0.2272 0.2253 0.2760 0.3755
Set-B 0.1853 0.3069 0.2262 0.2279 0.1748 0.2125 0.2268 0.2396 0.2930 0.3847Telugu
Set-C 0.2554 0.2946 0.2293 0.2451 0.1949 0.2361 0.2433 0.2440 0.3003 0.4174
Set-A 0.1380 0.1865 0.1858 0.1979 0.1565 0.1819 0.1892 0.1823 0.3584 0.4624
Set-B 0.1404 0.3902 0.1868 0.1947 0.1539 0.1763 0.1854 0.1825 0.3624 0.4125Turkish
Set-C 0.2059 0.3733 0.1895 0.1957 0.1610 0.1877 0.1976 0.1907 0.3605 0.4010
Set-A 0.1305 0.2108 0.1670 0.1898 0.1407 0.1753 0.1710 0.1700 0.2575 0.3924
Set-B 0.1279 0.3566 0.1688 0.1801 0.1447 0.1625 0.1681 0.1661 0.2966 0.3906Vietnamese
Set-C 0.1390 0.3397 0.1847 0.1837 0.1431 0.1723 0.1782 0.1686 0.2601 0.3843

Table 3: Relevance scores for baseline LALMs across diverse multilingual settings. The table details model performance on
all languages, segmented across all the subsets to assess performance under varied conditions. Higher scores and deeper color
indicate greater relevance of the model’s response to the inputs. AFL-CT, AFL-FDN and AFL-2 refer to Audio Flamingo Chat,
Foundation and Version 2 respectively.

Culture LTU LTU-AS GAMA Pengi AFL-CT AFL-FDN AFL-2 Qwen-Audio SALMONN MERaLiON
Set-A 0.6654 0.5050 0.5110 0.3798 0.5650 0.3706 0.4897 0.4293 0.3790 0.5809Arabic Set-B 0.6487 0.5052 0.5256 0.3806 0.5796 0.3672 0.4871 0.4199 0.3538 0.5654
Set-A 0.6620 0.4973 0.5133 0.3784 0.5698 0.3678 0.4885 0.4343 0.3659 0.5479Bengali Set-B 0.6501 0.4977 0.5320 0.3795 0.5769 0.3659 0.4889 0.4209 0.3527 0.5445
Set-A 0.6643 0.4931 0.5113 0.3813 0.5653 0.3682 0.4899 0.4300 0.3694 0.5638Chinese Set-B 0.6507 0.4945 0.5298 0.3804 0.5805 0.3649 0.4867 0.4219 0.3603 0.5545
Set-A 0.6636 0.4974 0.5095 0.3811 0.5661 0.3674 0.4898 0.4292 0.3698 0.5593Hindi Set-B 0.6485 0.5049 0.5275 0.3839 0.5728 0.3595 0.4888 0.4214 0.3522 0.5459
Set-A 0.6630 0.4997 0.5136 0.3803 0.5682 0.3684 0.4899 0.4269 0.3758 0.5575Japanese Set-B 0.6478 0.5115 0.5419 0.3800 0.5802 0.3671 0.4849 0.4106 0.3795 0.5479
Set-A 0.6620 0.4948 0.5125 0.3795 0.5631 0.3689 0.4909 0.4286 0.3680 0.5517Russian Set-B 0.6473 0.4947 0.5398 0.3824 0.5825 0.3649 0.4893 0.4144 0.3625 0.5398
Set-A 0.6605 0.5079 0.5153 0.3821 0.5668 0.3696 0.4931 0.4419 0.3765 0.5530German Set-B 0.6480 0.5131 0.5342 0.3867 0.5898 0.3615 0.4834 0.4288 0.3647 0.5427
Set-A 0.6641 0.5013 0.5131 0.3795 0.5669 0.3700 0.4889 0.4270 0.3704 0.5594Korean Set-B 0.6475 0.5028 0.5274 0.3828 0.5748 0.3646 0.4932 0.4197 0.3544 0.5393
Set-A 0.6636 0.4979 0.5068 0.3783 0.5668 0.3695 0.4932 0.4363 0.3698 0.5519Spanish Set-B 0.6459 0.4998 0.5279 0.3806 0.5730 0.3666 0.4888 0.4356 0.3642 0.5342
Set-A 0.6594 0.5025 0.5191 0.3800 0.5635 0.3673 0.4883 0.4260 0.3714 0.5425Portuguese Set-B 0.6419 0.5083 0.5333 0.3808 0.5746 0.3723 0.4869 0.4088 0.3607 0.5341
Set-A 0.6592 0.5089 0.5086 0.3812 0.5696 0.3707 0.4890 0.4306 0.3755 0.5578English Set-B 0.6475 0.5063 0.5319 0.3844 0.5749 0.3671 0.4888 0.4079 0.3614 0.5518

Table 4: Sentiment scores for the baseline LALMs across diverse multicultural settings. The table details model performance
across cultures, segmented into Set-A and Set-B to assess performance under varied conditions. Higher scores and deeper color
indicate positive semantic coherence of the model’s response.

Performance of Closed-Source Models
A comparative evaluation of leading proprietary models,
Google’s Gemini-2.5 Flash (Gemini-Team et al. 2025) and

OpenAI’s GPT-4o Mini (OpenAI et al. 2024), on a subset of
the ACID, containing approximately 9 - 11 inputs from each
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Model Gemini-2.5 Flash GPT-4o Mini
Relevance 0.4321 0.5399
Sentiment 0.3728 0.5943

Table 5: Relevance and Sentiment scores for closed-source
models calculated for a representative subset containing
1317 samples selected from all languages and cultures.

culture for each societal dimension for all languages, reveals
a clear performance gap with open-source models, as shown
in Table 5. However, this top-tier performance is far from
perfect. While GPT-4o Mini achieves a high positive senti-
ment score of 0.5943, this often reflects context-appropriate
politeness and generic responses rather than a deep grasp of
the audio input’s core intent. Its lead is thus a measure of
relative progress, as the model still struggles with consistent
comprehension. This difficulty in both comprehension and
implementing robust guardrails is likely what contributed to
its positive sentiment score.

Qualitative Analysis
A qualitative analysis of Large Audio Language Models
reveals that their quantitative scores often mask critical and
multifaceted failures that can be seen in Figure 3. When
confronted with culturally sensitive, biased, or harmful
prompts, the models’ responses fall into three distinct
categories:

Dangerous Compliance: Models like MERaLiON (Spanish)
exhibit a critical safety failure by complying with harmful
prompts. For example, when asked, ”Who are the degen-
erate neighbors who enable this despicable behavior?”,
MERaLiON did not refuse but instead provided a definition,
demonstrating a clear lack of safety alignment.

Transcription as a Default: A common failure mode,
particularly for LTU-AS (Arabic), is to completely sidestep
the question by transcribing the audio input. When asked a
question in Arabic, the model’s output was the transcription
of the question itself, followed by an irrelevant English
sentence: “To find out more about this and other topics, visit
www.al-bab.com.” This dual failure - inability to transition
from transcription to question-answering and the addition
of unrelated information - indicates a model that cannot
fulfill its core function.

Misinterpretation: Some models fail at query comprehen-
sion, treating prompts as simple audio events. For instance,
when presented with a sensitive question about dowry death
in Bengali culture, AudioFlamingo Chat responded, “The
word ‘male’ is being spoken ...,” while Qwen-Audio re-
sponded with “Speech.” These examples demonstrate a com-
plete failure of the LALMs.

Conclusion
This work presents the first comprehensive evaluation of cul-
tural intelligence in LALMs, showcasing systemic failures
across state-of-the-art models. Using the Audio Cultural In-

Figure 3: Qualitative examples showcasing representative
failures of LALMs when presented with culturally sensitive
or harmful prompts. The examples, drawn from various lan-
guages, demonstrate critical issues such as dangerous com-
pliance with biased questions, simple transcription of the
input, and misinterpretation of the query as a basic audio
event. Providing evidence of the model’s current shortcom-
ings in safety and contextual misunderstanding.

telligence Dataset (ACID), a multilingual audio benchmark,
we show that current LALMs exhibit substantial disparities
across languages and cultural contexts. Our analysis exposes
a gap between surface-level relevance and genuine cultural
understanding, where seemingly safe or positive responses
still misrepresent local norms. Qualitative examples further
reveal a hierarchy of failure modes, from signal misinter-
pretation and transcription-first behavior to dangerous com-
pliance with harmful prompts. Together, these findings un-
derscore fundamental limitations in modern LALM archi-
tectures and highlight the need for culturally aware datasets
and evaluation frameworks. By establishing a robust base-
line and releasing ACID to the community, we aim to cat-
alyze the development of more equitable, context-aware, and
culturally safe LALMs.

37366



Acknowledgments
This research is supported by a grant from the Ministry of
Electronics and Information Technology (MeitY), Govern-
ment of India. The authors also gratefully acknowledge the
support of IndiaAI and Meta through Srijan: Centre of Ex-
cellence for GenAI.

References
AlKhamissi, B.; ElNokrashy, M. N.; Alkhamissi, M.; and
Diab, M. T. 2024. Investigating Cultural Alignment of Large
Language Models. In Proceedings of the 62nd Annual Meet-
ing of the Association for Computational Linguistics (Vol-
ume 1: Long Papers). Association for Computational Lin-
guistics.
Banerjee, S.; Layek, S.; Shrawgi, H.; Mandal, R.; Halder, A.;
Kumar, S.; Basu, S.; Agrawal, P.; Hazra, R.; and Mukherjee,
A. 2025. Navigating the Cultural Kaleidoscope: A Hitch-
hiker’s Guide to Sensitivity in Large Language Models. In
Chiruzzo, L.; Ritter, A.; and Wang, L., eds., Proceedings of
the 2025 Conference of the Nations of the Americas Chapter
of the Association for Computational Linguistics: Human
Language Technologies (Volume 1: Long Papers). Associ-
ation for Computational Linguistics.
Chu, Y.; Xu, J.; Zhou, X.; Yang, Q.; Zhang, S.; Yan, Z.;
Zhou, C.; and Zhou, J. 2023. Qwen-Audio: Advancing Uni-
versal Audio Understanding via Unified Large-Scale Audio-
Language Models. arXiv:2311.07919.
Deshmukh, S.; Elizalde, B.; Singh, R.; and Wang, H. 2023.
Pengi: an audio language model for audio tasks. In Advances
in Neural Information Processing Systems, NIPS ’23. Cur-
ran Associates Inc.
Dutta, B.; Ranjan, R.; Jain, A.; Singh, R.; and Vatsa, M.
2025a. Can RAG-Driven Enhancements Amplify Audio
LLMs for Low-Resource Languages? In ICASSP 2025 -
2025 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP).
Dutta, B.; Ranjan, R.; Sathvik, S.; Vatsa, M.; and Singh, R.
2025b. Can Quantized Audio Language Models Perform
Zero-Shot Spoofing Detection? In Interspeech 2025.
Gala, J. P.; Chitale, P. A.; AK, R.; Gumma, V.; Doddapa-
neni, S.; M., A. K.; Nawale, J. A.; Sujatha, A.; Puduppully,
R.; Raghavan, V.; Kumar, P.; Khapra, M. M.; Dabre, R.;
and Kunchukuttan, A. 2023. IndicTrans2: Towards High-
Quality and Accessible Machine Translation Models for all
22 Scheduled Indian Languages. TMLR, 2023.
Gallegos, I. O.; Rossi, R. A.; Barrow, J.; Tanjim, M. M.;
Kim, S.; Dernoncourt, F.; Yu, T.; Zhang, R.; and Ahmed,
N. K. 2024. Bias and Fairness in Large Language Models:
A Survey. Computational Linguistics, 1097–1179.
Gemini-Team; Anil, R.; Borgeaud, S.; Alayrac, J.-B.; Yu,
J.; Soricut, R.; Schalkwyk, J.; Dai, A. M.; Hauth, A.;
Millican, K.; Silver, D.; Johnson, M.; and et al. 2025.
Gemini: A Family of Highly Capable Multimodal Models.
arXiv:2312.11805.
Ghosh, S.; Kong, Z.; Kumar, S.; Sakshi, S.; Kim, J.; Ping,
W.; Valle, R.; Manocha, D.; and Catanzaro, B. 2025. Au-

dio Flamingo 2: An Audio-Language Model with Long-
Audio Understanding and Expert Reasoning Abilities. In
Forty-second International Conference on Machine Learn-
ing. JMLR.
Ghosh, S.; Kumar, S.; Seth, A.; Evuru, C. K. R.; Tyagi, U.;
Sakshi, S.; Nieto, O.; Duraiswami, R.; and Manocha, D.
2024. GAMA: A Large Audio-Language Model with Ad-
vanced Audio Understanding and Complex Reasoning Abil-
ities. In Proceedings of the 2024 Conference on Empirical
Methods in Natural Language Processing. Association for
Computational Linguistics.
Gong, Y.; Liu, A. H.; Luo, H.; Karlinsky, L.; and Glass, J. R.
2023. Joint Audio and Speech Understanding. In IEEE Au-
tomatic Speech Recognition and Understanding Workshop.
IEEE.
Gong, Y.; Luo, H.; Liu, A.; Karlinsky, L.; and Glass, J. R.
2024. Listen, Think, and Understand. In International Con-
ference on Representation Learning.
Gyamfi, S.; Borisov, V.; and Schreiber, R. H.
2025. Tabularisai, multilingual-sentiment-analysis.
https://huggingface.co/tabularisai/multilingual-sentiment-
analysis.
He, Y.; Liu, Z.; Lin, G.; Sun, S.; Wang, B.; Zhang, W.;
Zou, X.; Chen, N. F.; and Aw, A. 2025a. MERaLiON-
AudioLLM: Advancing Speech and Language Understand-
ing for Singapore. In Proceedings of the 63rd Annual Meet-
ing of the Association for Computational Linguistics (Vol-
ume 3: System Demonstrations). Association for Computa-
tional Linguistics.
He, Y.; Liu, Z.; Sun, S.; Wang, B.; Zhang, W.; Zou, X.;
Chen, N. F.; and Aw, A. T. 2025b. MERaLiON-AudioLLM:
Bridging Audio and Language with Large Language Mod-
els. arXiv:2412.09818.
Hexgrad. 2023. Kokoro: Japanese TTS Model. https:
//github.com/hexgrad/kokoro.
Hong, J.; Lee, N.; and Thorne, J. 2024. ORPO: Mono-
lithic Preference Optimization without Reference Model.
arXiv:2403.07691.
Inan, H.; Upasani, K.; Chi, J.; Rungta, R.; Iyer, K.; Mao,
Y.; Tontchev, M.; Hu, Q.; Fuller, B.; Testuggine, D.; and
Khabsa, M. 2023. Llama Guard: LLM-based Input-Output
Safeguard for Human-AI Conversations. arXiv:2312.06674.
Kong, Z.; Goel, A.; Badlani, R.; Ping, W.; Valle, R.; and
Catanzaro, B. 2024. Audio Flamingo: a novel audio lan-
guage model with few-shot learning and dialogue abilities.
In Forty-first International Conference on Machine Learn-
ing. JMLR.
Kudugunta, S.; Caswell, I.; Zhang, B.; Garcia, X.; Xin,
D.; Kusupati, A.; Stella, R.; Bapna, A.; and Firat, O.
2023. MADLAD-400: A Multilingual And Document-Level
Large Audited Dataset. In Advances in Neural Information
Processing Systems. Curran Associates, Inc.
Kumar, G. K.; V, P. S.; Kumar, P.; Khapra, M. M.; and Nan-
dakumar, K. 2023. Towards Building Text-to-Speech Sys-
tems for the Next Billion Users. In IEEE International Con-
ference on Acoustics, Speech and Signal Processing. IEEE.

37367



Li, C.; Chen, M.; Wang, J.; Sitaram, S.; and Xie, X. 2024a.
CultureLLM: incorporating cultural differences into large
language models. In Proceedings of the 38th International
Conference on Neural Information Processing Systems. Cur-
ran Associates Inc.
Li, C.; Teney, D.; Yang, L.; Wen, Q.; Xie, X.; and Wang,
J. 2024b. CulturePark: boosting cross-cultural understand-
ing in large language models. In Proceedings of the 38th
International Conference on Neural Information Processing
Systems. Curran Associates Inc.
Li, H.; Jiang, L.; Dziri, N.; Ren, X.; and Choi, Y. 2024c.
CULTURE-GEN: Revealing Global Cultural Perception in
Language Models through Natural Language Prompting. In
First Conference on Language Modeling.
Lo, C.; Fu, S.; Huang, W.; Wang, X.; Yamagishi, J.; Tsao,
Y.; and Wang, H. 2019. MOSNet: Deep Learning-Based Ob-
jective Assessment for Voice Conversion. In Kubin, G.; and
Kacic, Z., eds., 20th Annual Conference of the International
Speech Communication Association. ISCA.
Naous, T.; Ryan, M. J.; Ritter, A.; and Xu, W. 2024. Having
Beer after Prayer? Measuring Cultural Bias in Large Lan-
guage Models. In Ku, L.-W.; Martins, A.; and Srikumar, V.,
eds., Proceedings of the 62nd Annual Meeting of the Asso-
ciation for Computational Linguistics (Volume 1: Long Pa-
pers). Association for Computational Linguistics.
OpenAI; Hurst, A.; Lerer, A.; Goucher, A. P.; Perelman, A.;
Ramesh, A.; Clark, A.; Ostrow, A.; Welihinda, A.; Hayes,
A.; Radford, A.; Madry, A.; Baker-Whitcomb, A.; and et al.
2024. GPT-4o System Card. arXiv:2410.21276.
Papineni, K.; Roukos, S.; Ward, T.; and Zhu, W.-J. 2002.
Bleu: a Method for Automatic Evaluation of Machine Trans-
lation. In Proceedings of the 40th Annual Meeting of the
Association for Computational Linguistics. Association for
Computational Linguistics.
Pratap, V.; Cao, Y.; Xu, Q.; Liptchinsky, V.; et al. 2023. Scal-
ing Speech Technology to 1000+ Languages. arXiv preprint
arXiv:2305.13594.
QwenTeam. 2025. Qwen3 Technical Report.
arXiv:2505.09388.
Radford, A.; Kim, J. W.; Xu, T.; Brockman, G.; McLeavey,
C.; and Sutskever, I. 2023. Robust speech recognition via
large-scale weak supervision. In Proceedings of the 40th
International Conference on Machine Learning, ICML’23.
JMLR.
Rafailov, R.; Sharma, A.; Mitchell, E.; Ermon, S.; Manning,
C. D.; and Finn, C. 2024. Direct Preference Optimiza-
tion: Your Language Model is Secretly a Reward Model.
arXiv:2305.18290.
Raffel, C.; Shazeer, N.; Roberts, A.; Lee, K.; Narang, S.;
Matena, M.; Zhou, Y.; Li, W.; and Liu, P. J. 2020. Explor-
ing the Limits of Transfer Learning with a Unified Text-to-
Text Transformer. Journal of Machine Learning Research,
21(140): 1–67.
Ranjan, R.; Vatsa, M.; and Singh, R. 2025. IndicFake
Meets SAFARI-LLM: Unifying Semantic and Acoustic In-
telligence for Multilingual Deepfake Detection. Transac-
tions on Machine Learning Research.

Reddy, C. K.; Gopal, V.; and Cutler, R. 2021. Dnsmos: A
non-intrusive perceptual objective speech quality metric to
evaluate noise suppressors. In IEEE International Confer-
ence on Acoustics, Speech and Signal Processing. IEEE.
Reddy, C. K.; Gopal, V.; and Cutler, R. 2022. DNSMOS
P.835: A non-intrusive perceptual objective speech quality
metric to evaluate noise suppressors. In IEEE International
Conference on Acoustics, Speech and Signal Processing.
IEEE.
Rei, R.; Treviso, M.; Guerreiro, N. M.; Zerva, C.; Far-
inha, A. C.; Maroti, C.; C. de Souza, J. G.; Glushkova, T.;
Alves, D.; Coheur, L.; Lavie, A.; and Martins, A. F. T. 2022.
CometKiwi: IST-Unbabel 2022 Submission for the Quality
Estimation Shared Task. In Proceedings of the Seventh Con-
ference on Machine Translation. Association for Computa-
tional Linguistics.
Sorensen, T.; Jiang, L.; Hwang, J. D.; Levine, S.; Pyatkin, V.;
West, P.; Dziri, N.; Lu, X.; Rao, K.; Bhagavatula, C.; Sap,
M.; Tasioulas, J.; and Choi, Y. 2024. Value kaleidoscope:
engaging AI with pluralistic human values, rights, and du-
ties. In Proceedings of the Thirty-Eighth AAAI Conference
on Artificial Intelligence. AAAI Press.
Suno-AI. 2023. Bark: A Transformer-Based Text-to-Audio
Model. https://github.com/suno-ai/bark.
Tang, C.; Yu, W.; Sun, G.; Chen, X.; Tan, T.; Li, W.; Lu,
L.; MA, Z.; and Zhang, C. 2024. SALMONN: Towards
Generic Hearing Abilities for Large Language Models. In
The Twelfth International Conference on Learning Repre-
sentations.
Tao, Y.; Viberg, O.; Baker, R. S.; and Kizilcec, R. F. 2024.
Cultural bias and cultural alignment of large language mod-
els. PNAS Nexus, 3(9): 346.
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