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Abstract—Affective speech technology aspires to equip ma-
chines with the ability to sense, interpret, and generate emo-
tionally expressive speech, enabling empathetic assistants, social
robots, and digital health companions. Large Audio/Speech Lan-
guage Models (LALMs/SpeechLMs) now dominate this space: a
single model can perform speech recognition, affect detection,
and emotion-controlled synthesis, achieving impressive zero-shot
generalization. However, we argue that LALMs are not yet
internationalized: culturally grounded affect is misread when
training data are skewed, leading to mis-recognition of affect,
culturally inappropriate responses, and uneven user experiences.

This paper surveys the current state of affective speech
processing with LALMs, cataloging leading models, their sensing-
to-synthesis capabilities, and the databases and metrics used
for evaluation. We identify the key obstacle to responsible
deployment: the heterogeneity of human vocal expression across
cultures, which manifests as data scarcity, model bias, and
evaluation blind spots. To address this gap, we propose a research
agenda comprising: (i) systematic analysis of cultural variation
in vocal affect, (ii) computational strategies for contextualizing
LALMs toward culturally sensitive emotion processing, and
(iii) benchmarks featuring balanced corpora and culture-aware
metrics. By charting these directions, we aim to advance affective
speech technology that is globally robust, socially responsible, and
truly inclusive. The overall concept is depicted in Figure 1.

I. INTRODUCTION

Affective speech technology equips computational sys-
tems to perceive, interpret, and generate emotionally nuanced
speech. This capability underpins applications such as empa-
thetic voice assistants[1], [2], social robots[3], contact-center
agents[4], mental-health support[5], and education[6], where
alignment to human affect improves user engagement across
signal processing, machine learning, psychology, and HCI.

The last few years have witnessed a paradigm shift toward
LALMs/SpeechLMs as the de-facto state-of-the-art framework
for speech intelligence, e.g., Qwen2Audio[7]. Leveraging bil-
lions of parameters and training corpora that blend speech with
textual and multimodal resources, contemporary LALMs can
jointly execute tasks that formerly required carefully tuned
cascades: speech recognition, semantic understanding, affect
recognition, and emotionally controlled speech synthesis. Their
emergent zero-shot and few-shot generalization abilities dra-
matically reduce the engineering burden for new domains,
while prompt-based conditioning enables fine-grained control
over linguistic, paralinguistic, and affective attributes. Con-
sequently, LALMs have become the principal technological
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Fig. 1. Cultural-aware LALMs in affective speech computation

foundation for both academic exploration and industrial de-
ployment of affective speech solutions.

Notwithstanding these advances, the field now faces a
critical internationalization challenge. Emotion is a culturally
embedded construct: prosodic cues that denote politeness,
respect, or enthusiasm can vary markedly across languages and
societies[8], [9]. Current LALMs are predominantly trained
on data skewed toward a small subset of high-resource lan-
guages and homogeneous recording conditions. This linguistic
and cultural imbalance manifests as domain mismatch across
speaker demographics, acoustic environments, and interac-
tional styles, leading to systematically degraded performance
or culturally inappropriate responses in under-represented com-
munities. Such biases have practical consequences from erod-
ing user satisfaction to perpetuating social inequities, and are
particularly salient for the Asia-Pacific region targeted by
APSIPA, where linguistic diversity is exceptionally high.

Against this backdrop, the present paper makes three pri-
mary contributions. First, it offers a comprehensive survey of
recognition and generation techniques, tracing the evolution
from single-language statistical methods to multimodal, mul-
tilingual LALMs, and highlighting open problems unique to
affective processing. Second, it articulates a position that future
progress hinges on rigorous internationalization, and hence on
the development of balanced data resources, culturally aware
evaluation metrics, and realistic task protocols that extend
beyond conventional accuracy measures. Third, it proposes a
roadmap for collaborative, human-in-the-loop methodologies,
integrating cultural expertise with the adaptive strengths of
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Stage Company LALMs ASR (WER↓) TTS (WER↓) IEMOCAP (Acc.↑) MSP-Podcast 1.7 (UAR↑) MELD (Acc.↑)

Early Meta Spirit-LM[10] 21.9♢/29.2♣ 45.5♢/43.8♣ - - -
Google AudioPaLM[11] 11.1(VoxPopuli[12]) - - - -

Lately

Alibaba Qwen2Audio 1.6♢/3.6♣ - 59.2 - 55.3
Aamazon SpeechVerse[13] 2.1♢/4.4♣ - - 66.7 -

ByteDance SALMONN[14] 2.1♢/4.9♣ - 69.0⋆ - -
NVIDIA Audio Flamingo 3 1.57♢/3.13♣ 2.02 (SEED[15]) 63.8 - -
Microsoft Phi4-mm[16] 1.68♢/3.83♣ - - - -

TABLE I
RECENT LALMS PERFORMANCE REPORT ON ASR, TTS AND SER DOWNSTREAM TASKS ACCORDING TO ORIGINAL TECHNICAL PUBLIC REPORT, WHERE

♢, ♣ REPRESENT FOR LIBRISPEECH TEST-CLEAN AND TEST-OTHER, AND ⋆ SIGN MEANS TEST ON SESSION 5 ONLY.

LALMs, to mitigate bias and enhance global applicability.
By synthesizing current knowledge and setting forth concrete
research directions, the paper aims to catalyze an inclusive
next generation of affective speech technology that faithfully
reflects the emotional diversity of its worldwide users.

II. BACKGROUND AND SCOPE

A. Current State of Affective Speech Computation
Conventional affective speech research has historically split

downstream work into recognition and generation. In the
recognition branch, models are trained to infer a speaker’s
emotional state, either in categorical terms, e.g., anger, joy,
or along continuous dimensions such as valence and arousal
across settings that range from monologues to dyadic and
group dialogues [17]–[22]. The generation branch, by contrast,
focuses on tasks such as emotional voice conversion and
emotional text-to-speech, where systems synthesize speech that
conveys a target affect [23]–[27]. As the field matured, re-
searchers pushed beyond single-modality and single-language
paradigms toward multimodal and multilingual emotion mod-
els[28]–[31]. This expansion exposed pronounced domain
mismatch problems, differences in speaker demographics,
recording conditions, languages, and input signal formats all
degrade model robustness[32]–[35]. Studies that weave emo-
tional awareness into human-computer interfaces underscore
the importance of solving these issues: emotion-aware systems
consistently improve user satisfaction and trust, highlighting
affective speech technology’s inherently interdisciplinary na-
ture at the intersection of psychology, linguistics, computer
science, and sociology[36]–[38].

Most recently, the emergence of LALMs trained on massive
speech–text corpora has been a game-changer. A single LALM
can unify what once required a cascade of specialized modules,
simultaneously handling speech generation, comprehension,
and emotion recognition. Yet, because their training data
remain linguistically and culturally skewed, even the most
capable LALMs inherit bias and struggle to generalize glob-
ally, reinforcing the need for culturally balanced corpora and
evaluation frameworks if affective speech technology is to
achieve true international reach.

B. Related Works
1) LALMs in Affective Computation: As noted above,

contemporary LALMs extend pre-trained LLM backbones
with lightweight acoustic adapters, enabling a single archi-
tecture to address a wide spectrum of downstream tasks,
including automatic speech recognition (ASR), speech-to-text

translation, speech-emotion recognition (SER), and spoken-
language understanding. For instance, Qwen2Audio[7], trained
on a blended corpus of speech, environmental sound, and
music, attains 55.3% accuracy on the MELD SER bench-
mark while achieving word-error rates (WER) of 1.6% and
3.6% on LibriSpeech test-clean and test-other, respectively.
Likewise, NVIDIA’s recent Audio Flamingo 3[39] reports
63.8% accuracy on IEMOCAP and WERs of 1.57%/3.13%
on the same LibriSpeech splits. Furthermore, next-generation
“duplex” LALMs accept a continuous user audio stream
while emitting low-latency codec-based responses, employing
channel-fusion layers that jointly model simultaneous user and
agent speech[40], [41]. A broader comparison of representative
models is provided in Table I with common tasks such as
ASR, TTS and our focused SER. These results underscore
the feasibility of universal LALMs that seamlessly transition
from sensing (ASR, SER) to synthesis (emotion-controllable
TTS) and even duplex listen–talk interaction. However, from
Table I, it is obvious that excluding ASR, other downstream
tasks lack unified comparisons, leading to unclear conclusion
in SER according to these public technical reports.

To further enhance LALM affective perception while mit-
igating the cost of manual annotation, recent work explores
data augmentation[42], automated labeling pipelines[43], [44],
and zero-shot or weakly supervised adaptation strategies[45].
Collectively, these advances define the current frontier of
affective speech processing with LALMs.

2) Measurement and Evaluation: Conventional SER eval-
uates emotion understanding by partitioning corpora such
as IEMOCAP[48], MSP-Podcast[49], and MELD[50] with
leave-one-session-out or leave-one-speaker-out schemes, and
reporting class-balanced metrics, most commonly unweighted
average recall (UAR), alongside weighted accuracy/recall, F1,
precision, and recall. For dimensional labels, correlation and
error measures, e.g., CCC, MAE, are standard. Contemporary
LALMs typically follow these practices for closed-form clas-
sification with a fixed label set. Large-scale SER evaluation
corpora are summarized in Table II.

Because LALMs are inherently generative, evaluation must
also cover open-form outputs (free-text appraisals and ratio-
nales). Predictions are post-hoc mapped to a target ontology,
via controlled verbalizers[51], lexicon/regex normalization,
or rubric-based LLM-as-adjudicator, to mitigate label-space
drift and taxonomy mismatch. Mapping rules should be pre-
registered and paired with sensitivity analyses, since metrics
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Corpus Language Setting Modality Hours Emotions

MSP-Podcast v1.12 en Podcast-in-the-wild {Text, Speech} ∼324 Categorical/{Val, Aro, Dom}
BIIC-Podcast[46] zh-tw Podcast-in-the-wild {Text, Speech} ∼147 Categorical/{Val, Aro, Dom}

LSSED[47] en Natural {Speech} ∼206 Categorical
MELD en TV-show {Text, Speech, Video} ∼13 Categorical

IEMOCAP en Dyadic (improvisation, script) {Text, Speech, Video} ∼12 Categorical

TABLE II
LARGE-SCALE EMOTION CORPORA, WHERE VAL, ARO, AND DOM REPRESENTS VALENCE, AROUSAL AND DOMINANCE RESPECTIVELY.

can vary with normalization.
For affective generation, e.g., emotional TTS or conversion,

evaluation combines objective and human judgements: natu-
ralness (MOS/CMOS), affective correctness/strength (human
raters or a held-out SER), and prosodic alignment to targets
(F0 range, energy, speaking rate).

In summary, while traditional metrics remain essential for
comparability, LALM-centric evaluation should explicitly sep-
arate closed vs. open form, standardize ontology mapping,
and incorporate calibration, robustness, cross-corpus/lingual
fairness, and human-centered appropriateness.

III. CHALLENGES FOR LALMS IN CULTURAL
SENSITIVITY OF AFFECTIVE SPEECH

Humans’ emotional perspectives and expressions are shaped
by the languages and cultures in which they develop. Subtle
socialization cues-display rules, politeness norms, backchan-
nels, and conversational timing-accumulate over years, pro-
ducing worldwide differences that form a diverse spectrum
of emotions. Emotions are therefore not universal constructs;
they are experienced, displayed, and interpreted differently
across communities, making affective speech recognition and
generation inherently culture-sensitive. As LALMs enter ev-
eryday applications, the imperative is internationalization:
systems must be reliable across languages and cultures and
produce contextually appropriate responses for diverse regions,
an essential requirement for all-inclusive, responsible AI. In
practice, this involves not only label prediction but also turn-
timing, prosodic choices, and the justifications agents offer to
users from different cultural backgrounds.

Dual roles of LALMs: production and perception. Beyond
acting as task solvers, modern LALMs now serve (i) pro-
ducers of content and data-synthesizing text, speech, and
even images for augmentation or pretraining, and (ii) per-
ceivers/judges scoring responses, adjudicating open-form out-
puts, and filtering/reranking candidates. The model’s “opinion”
therefore shapes both sides of the pipeline. If generative
outputs are not culturally aligned, e.g., TTS that overuses high-
arousal prosody in cultures that value low-arousal positivity,
the resulting synthetic corpora entrench skewed norms. If
an LLM acts as a judge with majority-culture priors, open-
form appraisals and rationales from minority speakers can
be systematically undervalued. Closed feedback loops, models
training on, and being evaluated by, their own culturally biased
outputs, amplify these effects.

Despite strong general capabilities, present LALMs may ne-
glect culture-specific nuances that shape emotion. For example,
[52] reports that East-Asian cultures are associated with greater
use of suppression and avoidance than Western individuals.

Similarly, Tsai [53], [54] shows that Americans tend to value
high-arousal positive states (e.g., enthusiastic, excited) more,
and low-arousal positive states (e.g., calm, relaxed, peaceful)
less than East Asians. In everyday interaction, this surfaces as
systematic errors: reserved prosody mistaken for indifference;
honorific speech mapped to “joy”; tonal F0 patterns misread as
arousal; Japanese aizuchi treated as positive affect rather than
listener engagement; or sarcasm and indirect disagreement flat-
tened into generic negativity. Such misalignments degrade user
trust and the perceived appropriateness of system behaviour,
and when the model is both producer and judge propagate into
datasets and metrics.

These limitations arise naturally from the diversity and
heterogeneity of spoken language as a function of cultural
variation. Concretely, (i) data imbalance (long-tailed lan-
guage/dialect coverage, sparse annotations for under-resourced
cultures), (ii) inconsistent ontologies and annotation guide-
lines across corpora (category vs. valence–arousal taxonomies,
display-rule instructions), (iii) context loss (missing metadata
on speaker demographics, setting, relationship, and intent),
and (iv) acoustic/domain mismatch (recording conditions, de-
vices, interaction styles) create distribution shifts that current
models fail to bridge. On the technology side, pretraining
objectives are largely task-agnostic and text-centric; affect is
weakly supervised; ASR biases propagate to downstream affect
inference; decoding/control mechanisms lack explicit cultural
priors; and duplex timing models insufficiently capture region-
specific turn-taking norms. Critically, today’s pipelines include
too few culturally aware human factors: cultural experts are
rarely embedded in data curation, rubric design, or adjudi-
cation, leaving production and perception stages to inherit
majority-culture defaults.

Addressing these challenges requires a coordinated agenda
centered on both roles of LALMs. For production, en-
sure culture-aligned generation via culturally conditioned
prompts/control tokens, style-/prosody adapters, and expert-
curated guardrails; release synthetic data with provenance and
cultural metadata. For perception/judging, complement LLM-
as-judge with culturally diverse expert panels, pre-registered
rubrics, and cross-region calibration; avoid self-referential
training/evaluation loops by triangulating with human anno-
tations and independent models. More broadly, develop cul-
turally grounded ontologies and balanced corpora; benchmarks
that probe closed- and open-form SER as well as duplex gener-
ation; and evaluation beyond accuracy to fairness, calibration,
robustness, appropriateness, and reasoning quality. Without
such internationalization and without sustained human-in-the-
loop engagement from cultural experts progress in affective
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computing with LALMs will remain uneven and exclusionary.
IV. FUTURE DIRECTIONS

We take the position that cultural sensitivity must be en-
gineered into both generation (production) and evaluation
(perception). Current data-hungry LALMs lack systematic
investigation and principled modeling of cultural factors during
pretraining and adaptation. As a result, subtle but consequential
nuances in prosody, pragmatics, and interactional norms are
often sacrificed, limiting reliability across the world’s diverse
linguistic communities. We argue that a computational and
systematic program for culturally sensitive adaptation is imper-
ative: culturally adapted LALMs can deliver more appropriate
responses, reduce misunderstanding in context-dependent sce-
narios, and provide a more seamless experience for local and
customized users.

In this work, we highlight future research along three axes:
(i) cultural sensitivity understanding, to characterize how
state-of-the-art LALMs encode and express culture-specific af-
fect; (ii) benchmarks, to provide balanced training/evaluation
corpora and protocols that stress cross-cultural generalization;
and (iii) measurement, to establish metrics that go beyond
accuracy and capture fairness, calibration, appropriateness, and
interactive quality.

1) Cultural sensitivity understanding: LALMs inherit cul-
tural signals from both text and speech corpora, yet there is
limited evidence on how these signals manifest in affective
perception and generation. We propose a structured agenda:

• Audit with culture-controlled probes: construct mini-
mal paired stimuli that vary one cultural dimension at
a time (e.g., backchannel tokens, honorifics, irony mark-
ers, code-switching, culturally normative laughter) while
keeping lexical content constant. Compare recognition
and generation outputs across language/dialect groups.

• Contrastive causal tests: apply prosodic perturbations
(F0 range, speaking rate, intensity contours) and prag-
matic rewrites (direct vs. indirect requests) to estimate
sensitivities and disentangle lexical, prosodic, and con-
textual cues.

• Context infusion studies: quantify gains from provid-
ing sociolinguistic metadata (speaker relation, formality,
setting) at inference time via prompts or adapters; ablate
each factor to reveal which contexts the model exploits.

• Human-in-the-loop elicitation: engage regional experts
to curate culturally salient scenarios, iteratively refine
prompts/decoding constraints, and annotate failure modes,
closing the loop with targeted fine-tuning.

2) Benchmark: Progress requires evaluation settings that
reflect real cross-cultural use. We outline benchmark principles
and potential tasks:

• Balanced coverage: multiple languages/dialects, age
groups, genders, regions, interaction types (monologue,
dyadic, group), and channels (studio, telephony, far-field).

• Ontology harmonization: provide a shared label space
(categorical and dimensional) with culture-specific map-
ping tables; include rationales and display-rule guidance.

• Rich metadata: document sociopragmatic context (for-
mality, relationship, setting), elicitation protocol, and an-
notator background; release dataset/model cards to stan-
dardize reporting.

• Diverse downstream affective computation tasks:
closed-form, open-form SER, reasoning-centric tracks
(e.g., reasoning before delivering prediction), and
generation-centric tracks (e.g., emotional TTS/voice con-
version with parallel/non-parallel targets).

3) Measurement: Traditional accuracy-centric metrics are
insufficient for culturally sensitive affect and generative
LALMs. We recommend a multi-faceted suite:

• Core performance: preserve traditional accuracy-centric
scores for classification tasks and correlation-related
scores for regression tasks.

• Robustness: within the same culture, conduct robust
tests under noise, channel, and code-switching; report
performance drop relative to clean matched conditions.

• Open-form mapping quality: agreement between canon-
icalized predictions and gold labels (macro F1) plus sensi-
tivity analyses over verbalizer/mapping choices; rationale
quality via rubric scores and inter-annotator agreement.

• Rationale quality (human-in-the-loop): rate specificity,
cultural appropriateness, consistency with evidence, and
coherence on Likert scales using culturally matched an-
notators.

• Counterfactual validity: when the model predicts that
a prosodic change would flip an emotion, apply the
change and test whether the prediction/rationale update
is consistent.

• Perceptual quality: MOS/CMOS for naturalness; affect
strength/appropriateness rated by culturally matched lis-
teners and by held-out SER classifiers.

V. CONCLUSIONS

LALMs unify recognition and generation for affective
speech, yet internationalization remains the central obstacle:
vocal affect is culturally grounded, and models trained on
imbalanced data misinterpret under-represented users. We ad-
vocate a focused agenda: (i) cultural sensitivity investiga-
tion via systematic audits, causal perturbations, and expert-
in-the-loop studies; (ii) benchmarks with balanced, well-
documented corpora, harmonized ontologies, and protocols
spanning closed/open-form SER, reasoning, and generation;
and (iii) measurement beyond accuracy to include robustness
and reasoning-aware evaluation (canonicalization and rationale
quality), complemented by perceptual and dialogue metrics for
generation/duplex use.

Pursuing this agenda through shared resources, pre-
registered evaluation harnesses, and human–AI co-design of-
fers a practical path to culturally adapted LALMs that are reli-
able, appropriate, and inclusive across languages and regions.
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