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Abstract

Effective crisis communication relies on lan-
guage technologies that can serve everyone.
Although multimodal large language models
(MM-LLMs) accept both speech and text, it
remains unclear whether equivalent inputs pro-
duce equivalent crisis guidance across modal-
ities, particularly for people with access and
functional needs. In this paper, we evalu-
ate three state-of-the-art (SOTA) MM-LLMs
on consistency of their outputs across text
and audio modalities using real emergency
alerts. Building on prior semantic-similarity
and factual-overlap evaluation, we introduce
a LIWC-aligned analysis of modality depen-
dent differences in linguistic structure, inter-
personal framing, risk, and action-oriented lan-
guage. Our findings indicate that despite be-
ing unified models, capable of taking in in-
put from different modalities, no single model
was able to achieve reliable cross-modal consis-
tency. Persona-level results further indicate that
cross-modal disparities vary across user groups.
We release text prompts, audio prompts, model
outputs and evaluation materials to support the
crisis language technology community in build-
ing equitable solutions for crisis management.

1 Introduction

Crisis informatics has emerged as a critical area of
research at the intersection of natural language pro-
cessing and humanitarian action. The emergence of
multimodal large language models (MM-LLMs) ca-
pable of processing and generating content across
text, audio, image, and video within a single uni-
fied architecture (Yin et al., 2024) represents the
next avenue for crisis language technology. Con-
versational interfaces allow users to submit crisis
queries by voice or text and receive actionable writ-
ten guidance in return (Urbanelli et al., 2024).

However, an important question is whether these
systems give the same information regardless of
whether the user speaks or types. Disasters dispro-

portionately harm those who are least equipped to
respond, including the 43% of the U.S. population
with access and functional needs (Federal Emer-
gency Management Agency, 2024). Among them
are approximately 48 million Americans with hear-
ing loss (National Institute on Deafness and Other
Communication Disorders, 2024) and 8.2 million
with vision disabilities (USAFacts, 2024) who may
be unable to use standard alerts. For these indi-
viduals, omitted safety-critical details can hinder
informed decisions and compromise safety.

Human interaction is inherently multimodal as
we combine sight, hearing, touch, and other senses
to perceive the world (Turk, 2014). Yet, many
people around the world are limited in these possi-
bilities due to hearing, vision, speech, and cogni-
tive disabilities (Karpov and Ronzhin, 2014), so
emergency information must be accessible and
adapted to their needs and preferences. High-stakes
events such as disasters further worsen their expe-
rience, making them vulnerable to more physical
and mental injuries (Tannenbaum-Baruchi et al.,
2024; Stough and Kelman, 2017). Failure to ac-
count for their access and functional needs, such as
when communicating information about the nearest
shelters, can result in serious consequences.

Although artificial intelligence (AI) systems
have shown promising applications for crisis com-
munication, for AI systems to understand the sit-
uation, they need to be able to interpret and rea-
son about these diverse interactions that individ-
uals with disabilities require (Baltrušaitis et al.,
2018). As these MM-LLMs move toward deploy-
ment, their evaluation plays a crucial role in devel-
opment and deployment. Despite the claim of a uni-
fied MM system, these systems often demonstrate
misalignment in understanding and response gen-
eration across input modalities (Zhao et al., 2025).
They are prone to hallucinations, are fragile to ad-
versarial input, and fail to produce appropriate re-
sponses in high-stakes domains, such as neglect-
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Figure 1: Illustrative GPT-4 interaction motivating our work on exploring the difference in responses across same
emergency query given through text and voice input respectively.

ing the urgency of the risk and accessibility con-
straints in disaster risk communication. Previous
work has suggested that some of these issues cor-
relate with LLM inconsistency, generally defined
as their tendency to generate low-confidence re-
sponses or conflicting responses when the same
prompt is resampled (Wu et al., 2025). Accurate
estimation of MM-LLM consistency is important
during critical applications and supports user trust
in the model (Liang et al., 2024). Building on
the semantic-similarity and factual-overlap evalu-
ation of Gupta et al. (2026), this study adds lin-
guistic analysis using LIWC2015 categories and
an adapted Language Style Matching measure.

Figure 1 demonstrates the problem through
a GPT-4 interaction involving text and spoken
responses. We test whether this pattern holds
more systematically in three open-weight audio-
language models: AudioFlamingo, SALMONN,
and Qwen. Each model receives the same emer-
gency question as typed text and as audio gener-
ated using text-to-speech (TTS), and we compare
the two textual responses. Unlike Figure 1, all
responses in our evaluation are text.

Problem Statement. MM-LLMs are increas-
ingly capable of accepting semantically equivalent
requests through speech and text, but multimodal
capability does not ensure that the resulting guid-
ance is consistent across input modalities. In crisis
communication, modality-dependent omissions or
changes can reduce the usefulness of guidance and
create unequal service for vulnerable users. Ex-
isting multimodal benchmarks do not adequately

measure this form of cross-modal informational
consistency in safety-critical, crisis queries describ-
ing different user needs.

Contributions. We (1) extend an existing eval-
uation framework using audio and text prompts
derived from Federal Emergency Management
Agency (FEMA)’s Integrated Public Alert and
Warning System (IPAWS) alert scenarios and in-
stantiated across four access and functional needs
personas; (2) provide a multifaceted evaluation
combining semantic similarity, lexical overlap,
preservation of safety-critical information, and
LIWC-aligned linguistic analysis; and (3) release
text prompts, audio prompts, model outputs, and
evaluation materials for reproducible research on
equitable crisis language technology. The text
prompts, audio prompts, model responses are avail-
able in our public repository.1

Section 2 explores related work, Section 3
presents the framework, Section 4 reports results,
Sections 5 discusses implications and Section 6
concludes with limitations and future work.

2 Related Work

2.1 Language Technologies in Crisis

Crisis informatics is a growing field that connects
natural language processing with disaster prepared-
ness, response, and recovery. Early work demon-
strated the value of social media monitoring and
text classification for situational awareness during

1https://github.com/samara-m1/
multimodal-disaster-eval
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active disasters (Purohit et al., 2014), establish-
ing a foundation for NLP-driven crisis response
that includes information extraction, rumor detec-
tion, and needs identification from crisis-generated
text (Alam et al., 2021). The International Telecom-
munication Union has identified telecommunica-
tions and early warning systems as foundational
infrastructure for all phases of disaster risk reduc-
tion, with particular emphasis on the importance of
clear and usable guidance (International Telecom-
munication Union, 2025). With the emergence of
LLMs, new possibilities have opened for interac-
tive, personalized crisis communication (Urbanelli
et al., 2024). Early work explored ChatGPT’s po-
tential for disaster prevention information dissemi-
nation and emergency response support because its
natural language reasoning provided an advantage
over static alert systems (Xue et al., 2023). More
recently, LLMs have been used to classify crisis
information from social media streams, monitor
infrastructure during active disasters, and gener-
ate structured warning messages based on official
guidelines (Linardos et al., 2025; Chen et al., 2024).

2.2 Accessibility in Crisis

People with access and functional needs are sys-
tematically underserved by existing crisis com-
munication infrastructure. Traditional broadcast-
based emergency alert systems such as sirens, tele-
vision crawls, and Wireless Emergency Alerts have
well-documented limitations in reaching individ-
uals with sensory, cognitive, or linguistic barri-
ers (Villarreal et al., 2025). Research has docu-
mented communication failures for hard of hear-
ing individuals during Hurricane Rita, where an-
nouncements were exclusively accessible through
specific television stations, translators were un-
available at shelters, and information was not con-
veyed in sign language or any other accessible man-
ner (Tannenbaum-Baruchi et al., 2024). Adverse
pregnancy outcomes have been documented during
Hurricane Katrina (Callaghan et al., 2007), and sig-
nificant cognitive deterioration has been observed
in elderly individuals with dementia following hur-
ricane and earthquake events (Fahmy and Alme,
2026; Güney and Çiçek Doğan, 2026). A system-
atic review found that emergency communication
is not tailored to specific at-risk populations and
adaptations change dissemination channels instead
of message content (Lambert et al., 2025). This
establishes the necessity of evaluating AI-based cri-
sis communication systems across modalities for

users with access and functional needs.

2.3 Cross-Modal Consistency in Speech and
Language Models

Audio-capable language models such as
SALMONN (Tang et al., 2024) and Au-
dioFlamingo (Goel et al., 2025) have gained
traction as they enable audio captioning, speech
comprehension, and audio-based reasoning.
Qwen3-Omni (Xu et al., 2025) can process text,
audio, image, and video within a single unified
training pipeline. AudioBench (Wang et al., 2025)
provides a universal benchmark for audio LLMs
across a range of listening tasks, establishing
evaluation norms for the speech community that
this work builds upon. A known challenge in these
systems is cross-modality interference, where
training on one modality degrades performance
or consistency in another. Omni-modal LLMs
attend to dominant modalities (text) while pro-
ducing degraded or inconsistent outputs for audio
inputs (Jiang et al., 2025).

Existing benchmarks address adjacent but dif-
ferent questions. AudioBench measures audio lan-
guage understanding across listening tasks (Wang
et al., 2025), while Holistic Evaluation of Multi-
modal Models (HEMM) evaluates models across
tasks and datasets (Liang et al., 2024). Wu et al.
(2025) show that BERTScore, BLEU, ROUGE, and
USE capture different aspects of perceived consis-
tency. Cross-modal consistency evaluates whether
semantically equivalent speech and text inputs
yield equivalent open-ended guidance. Prior work
has not adequately evaluated this property. We
address this gap by measuring whether meaning,
safety-relevant information, and linguistic framing
are preserved across speech and text conditions.

3 Cross-Modal Response Analysis
Framework

Our framework consists of four components. The
first component is User Groups and Communica-
tion Needs, which is based on FEMA and Centers
for Disease Control and Prevention (CDC) guide-
lines for individuals with access and functional
needs. The next component is Persona Creation
and Prompt Design, which is grounded in real emer-
gency alerts obtained from FEMA’s alerts. Then we
employ Multimodal LLMs to take inputs in the form
of text and audio prompts which are then evaluated
using the Consistency Evaluation. This framework
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is designed to be open, reproducible, and extensible
to additional disaster types and languages.

3.1 User Groups and Communication Needs

We grounded our selection of vulnerable popula-
tions in the U.S. Centers for Disease Control and
Prevention (CDC) formal category of individuals
with "access and functional needs" (Centers for Dis-
ease Control and Prevention, 2021), which refers
to individuals who may need additional support
during emergencies because of a temporary or per-
manent condition, without requiring a clinical di-
agnosis or medical evaluation. This is a deliberate
design choice to keep the framework broadly ap-
plicable across many contexts. The CDC’s full
list spans a wide range of groups, including chil-
dren, pregnant women, older adults, people with
physical, sensory, intellectual, developmental, cog-
nitive, or mental disabilities, people with chronic
health conditions, those with limited English pro-
ficiency, and those facing financial, transportation,
or legal barriers to preparedness. We narrowed
this list to four groups for the current study. This
includes pregnant women, mothers with toddlers,
hard of hearing individuals, and older adults with
dementia. These subgroups were selected because
prior literature documents each group’s vulnera-
bility during disasters and each faces acute risk
specifically during the communication phase of
disaster response, which is this paper’s focus.

Disasters have been linked to adverse outcomes
for pregnant women, including increased rates of
preterm birth, pregnancy complications, and mater-
nal mortality (Harville et al., 2021; Callaghan et al.,
2007). Mothers with toddlers face increased risk of
acute illness, developmental disabilities, and ma-
ternal anxiety in post-disaster contexts (Yamazaki
and Nakai, 2023; Nishihara et al., 2018). Hard of
hearing individuals represent one of the most di-
rectly impacted groups as standard alerting systems
including sirens, broadcast audio, and Wireless
Emergency Alerts with sound are either inaccessi-
ble or partially inaccessible to them (Tannenbaum-
Baruchi et al., 2024). Finally, research shows the
adverse impacts of disasters on older adults with
dementia, with documented declines in working
memory, daily functioning, and general cognitive
abilities after crisis events (Fahmy and Alme, 2026;
Güney and Çiçek Doğan, 2026).

3.2 Persona Creation and Prompt Design

Each of the four stakeholder groups forms a per-
sona used to generate realistic post-alert queries.
We drew these scenarios from FEMA’s Integrated
Public Alert & Warning System (IPAWS)2, the in-
frastructure that distributes verified alerts to the
public over Wireless Emergency Alerts, the Emer-
gency Alert System, and NOAA Weather Radio.
Using real alerts, we built 40 prompts spanning
alert types such as flash floods, hurricanes, torna-
does, dust advisories, and excessive heat warnings.

The prompt template follows a consistent struc-
ture intended to model naturalistic post-alert user
behavior where a person receives an official emer-
gency alert and asks an AI assistant for guidance
relevant to their specific situation. This interac-
tion is motivated by the Protective Action Deci-
sion Model, which describes warning reception,
threat assessment, protective-action assessment,
and information seeking as components of pub-
lic responses to hazards (Lindell and Perry, 2012).
Prior research emphasizes that people facing im-
minent threats need clear, specific, and actionable
protective guidance and that warning responses are
influenced by individual and situational character-
istics (Sutton and Kuligowski, 2019; Kim et al.,
2019). With that in mind, we designed the prompts.
For example, a Flash Flood Warning prompt is “I
am a X, and I just received a flash flood warning.
What should I do during this time to stay safe?”
where X represents one of the four personas. Ap-
pendix A provides representative queries for all
four personas. For each persona–scenario com-
bination, the same prompt was presented to the
model as text and as audio. Audio inputs were syn-
thesized from the query text with the Coqui TTS
Python package, using the pretrained Tacotron 2
model (Shen et al., 2018), and saved as WAV files.
Personas specify the user needs described in each
query. Each persona is evaluated under both in-
put conditions to test whether the model responds
consistently to the same stated need. This design
does not assume that members of a persona group
prefer audio input. The synthesized voice does not
simulate the speech characteristics of that group.
The study does not evaluate variation across human
speakers or challenging acoustic conditions such
as background noise and reverberation.

2https://www.fema.gov/
emergency-managers/practitioners/
integrated-public-alert-warning-system
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3.3 Multimodal LLMs

We evaluate three state-of-the-art open-weight MM-
LLMs, selected for their distinct architectural ap-
proaches to speech and audio understanding, their
public availability, and their relevance to the speech
and language technology community. The genera-
tion settings are specified in our inference scripts
on GitHub. AudioFlamingo 3 and Qwen3-Omni
were configured with a maximum of 512 newly
generated tokens, while SALMONN was invoked
without explicit decoding overrides. Remaining de-
coding settings were inherited from the respective
model configurations and implementations.

AudioFlamingo 3. Based on a 7B lan-
guage model and the LLaVA architecture, Au-
dioFlamingo 3 is trained on a unified AF-Whisper
audio encoder that handles speech recognition and
processing different audio signals, including sound,
music, and speech (Goel et al., 2025). Its Whisper-
based encoder makes it directly relevant to the task.

Qwen3-Omni. This model is capable of process-
ing text, images, audio, and video while deliver-
ing real-time streaming responses in both text and
natural speech (Xu et al., 2025). Its multilingual
capabilities are relevant to our future work in low-
resource and cross-cultural crisis communication.

SALMONN. Speech, Audio, Language, and
Music Open Neural Network integrates pretrained
audio encoders with an LLM through alignment
layers, enabling audio captioning, speech compre-
hension, and audio-based reasoning (Tang et al.,
2024). SALMONN is able to generalize across
heterogeneous audio domains, making it suitable
for applications requiring contextual understanding
of real-world speech signals in crisis contexts.

3.4 Consistency Evaluation

In the quantitative evaluation, an audio response
denotes the textual response generated when an
audio input is processed through the models’ audio
branch, whereas a text response denotes the textual
response generated from an input text through the
models’ text branch.

To quantify cross-modal consistency, we employ
the following evaluation approaches across all 160
text and audio response pairs (40 prompts across
39 disaster alert types × 4 personas). The semantic-
similarity and factual-overlap components follow
the evaluation framework introduced by Gupta et al.
(2026), while the psycholinguistic similarity ex-
tends that framework to examine differences in

linguistic style and framing.
Semantic Similarity. We employ four differ-

ent metrics. BERTScore (SBERT) (Zhang et al.,
2020) captures deep semantic similarity using con-
textual embeddings. BLEU (SBLEU) (Papineni
et al., 2002) and ROUGE (SROUGE) (Lin, 2004)
capture lexical overlap at the n-gram level. Uni-
versal Sentence Encoder (SUSE) (Cer et al., 2018)
captures sentence-level semantic similarity. To-
gether, they provide a nuanced view of consistency.

Psycholinguistic Similarity. To complement
the semantic metrics with a linguistic character-
ization of cross-modal consistency, we analyzed
each response using LIWC2015 (Pennebaker et al.,
2015). We then computed a category-level Lan-
guage Style Matching (LSM) score (Niederhoffer
and Pennebaker, 2002; Ireland and Pennebaker,
2010) between the responses produced by each
pair of matched audio and text prompts. For LIWC
category c, the score is

LSMc = 1− |Ac − Tc|
Ac + Tc + 0.0001

, (1)

where Ac and Tc are the percentages of words
assigned to category c in the audio-prompt and text-
prompt responses, respectively. The resulting score
ranges from 0, indicating maximal divergence, to
1, indicating identical proportional usage. When
both category values are zero, the score equals 1
and represents shared absence of that category.

Classical LSM focuses primarily on function-
word coordination between human interlocutors.
We extend its normalized similarity formulation
to broader LIWC2015 categories to characterize
modality-dependent differences in linguistic fram-
ing. Category-level scores were averaged across
the 160 matched response pairs for each model.
Where categories were grouped into broader di-
mensions, we then calculated the unweighted
mean of their category-level scores. Word count
was reported separately as a structural measure
and excluded from the composite LSM score be-
cause LSM is intended for proportional language-
category values rather than raw counts. The ana-
lyzed dimensions include function words and pro-
nouns, cognitive and affective processes, social
orientation, motivation, risk, perception, motion,
and temporal focus. The purpose of this analysis is
to determine whether responses that appear seman-
tically similar differ in linguistic framing such as
in their expression of urgency, certainty, risk, direct
user address, or action orientation.
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Table 1: Semantic similarity scores across the three
MM-LLMs. (AF = AudioFlamingo)

Model SROUGE SBLEU SUSE SBERT
AF 0.223 0.065 0.619 0.495
SALMONN 0.249 0.132 0.696 0.625
Qwen 0.341 0.343 0.896 0.896

Factual Overlap. Following Gupta et al. (2026),
we use a safety-critical information-overlap proxy
that combines named entities, safety keywords, and
ROUGE-L, treating the text response as the refer-
ence and the audio response as the comparison.
It estimates whether instructions such as “stay in-
doors,” “move to higher ground,” or “avoid downed
power lines” are preserved across modes. We re-
port factual overlap scores both overall and broken
down by persona in Table 2, enabling analysis of
whether consistency gaps are uniform across user
groups or concentrated among specific access and
functional need populations. The response to text
input serves as a comparison reference. Lower
agreement does not, by itself, establish that either
response is less correct, complete, actionable, or
safe.

4 Results and Discussion

We present our findings through semantic similar-
ity, factual overlap, linguistic analysis, and quali-
tative error examination, each revealing a distinct
layer of the cross-modal inconsistency problem.
Together, the findings build a cumulative case that
inconsistency in MM-LLMs for disaster risk com-
munication is not a surface-level quality gap.

4.1 Cross-Model Consistency Analysis
Table 1 reports semantic similarity scores for the
three models. Qwen achieved the strongest per-
formance across all four metrics, with an SBERT
score of 0.896 indicating that the underlying mean-
ing of responses was preserved more effectively
across modalities than in the other two models.
SALMONN demonstrated moderate performance,
and AudioFlamingo (AF) performed worst across
all metrics, indicating the weakest alignment in
both meaning and wording across modalities.

4.2 Cross-Modal Consistency Analysis
A critical pattern that emerges across all models
is that SUSE and SBERT are consistently higher
than SBLEU and SROUGE, indicating that while
models often preserve the general meaning of a

Table 2: Factual overlap scores by persona across all
three MM-LLMs. (AF = AudioFlamingo)

Persona AF SALMONN Qwen
Pregnant woman 0.335 0.296 0.452
Mother w/ toddler 0.265 0.315 0.449
Elderly w/ dementia 0.271 0.335 0.426
Hard of hearing 0.237 0.306 0.397
Overall 0.277 0.313 0.431

response, they vary substantially in wording and
structure across modalities. This distinction has di-
rect implications for crisis communication. Qwen’s
close scores between SUSE (0.896) and SBERT
(0.896) indicate relatively robust semantic ground-
ing. However, its substantially lower SBLEU
and SROUGE scores indicate that consistency is
achieved through paraphrasing rather than faithful
content reproduction. In safety-critical scenarios,
reformulation of key guidance can significantly
alter the actionability of a response. Semantic sim-
ilarity alone is therefore insufficient to evaluate
cross-modal consistency in crisis communication
contexts. We address this in the next subsection.

4.3 Cross-Persona Consistency Analysis

Table 2 presents factual overlap scores broken
down by persona for all three models, captur-
ing whether safety-critical facts present in text re-
sponses are preserved in corresponding audio re-
sponses. Within AudioFlamingo and Qwen, the
hard-of-hearing persona has the lowest factual-
overlap score among the four personas evaluated.
This pattern does not hold for SALMONN, where
the pregnant-woman persona scores lowest, while
the elderly with dementia persona scores highest
(0.335). The rankings therefore differ across mod-
els. These scores indicate differences in response
agreement and lack of stability across models. Per-
sona rankings differ across models and a model
can appear broadly consistent while systematically
under serving specific user groups.

4.4 Language Style Matching Analysis

Table 3 reports mean LSM scores across the three
models for the LIWC2015 dimensions most rele-
vant to crisis communication. These include direct
address (You), authoritative language (Power), risk
language (Risk), uncertainty (Tentative), present-
focused action framing (Focuspresent), social and
motion language. Qwen has the highest LSM
score in each reported linguistic dimension and
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Table 3: Language Style Matching (LSM) scores be-
tween text and audio responses across crisis communi-
cation dimensions, computed from LIWC2015. Audio
and Text indicate the mean category score per 100 words
(raw word count for the Word Count row). LSM ranges
from 0 (no correspondence) to 1 (identical usage).

Dimension Model Audio Text LSM

You
AudioFlamingo 0.44 3.58 0.209
SALMONN 4.61 5.01 0.698
Qwen 5.76 5.57 0.917

Power
AudioFlamingo 1.28 4.20 0.268
SALMONN 2.57 3.15 0.678
Qwen 2.84 2.75 0.881

Tentative
AudioFlamingo 2.00 5.07 0.315
SALMONN 5.20 5.99 0.755
Qwen 6.33 5.95 0.913

Risk
AudioFlamingo 7.25 3.85 0.558
SALMONN 4.89 3.46 0.727
Qwen 3.54 3.69 0.896

Social
AudioFlamingo 9.27 7.16 0.606
SALMONN 9.35 8.66 0.789
Qwen 11.96 12.14 0.934

Motion
AudioFlamingo 8.73 6.81 0.716
SALMONN 5.44 5.83 0.752
Qwen 4.46 4.55 0.895

Word Count
AudioFlamingo 28.07 45.48 0.701
SALMONN 117.24 122.62 0.860
Qwen 411.23 449.61 0.933

Focuspresent
AudioFlamingo 10.42 13.74 0.772
SALMONN 12.62 14.43 0.859
Qwen 13.04 12.85 0.938

Mean LSM
AudioFlamingo 0.492
SALMONN 0.751
Qwen 0.911

the highest mean LSM score (0.911), followed by
SALMONN (0.751), with AudioFlamingo showing
the lowest consistency by a wide margin (0.492).
AudioFlamingo’s weakest dimensions are You
(0.209) and Power (0.268), indicating that its audio
responses diverge most from text in how directly
they address the user and how authoritatively they
instruct. Responses to audio input were shorter on
average than responses to text input for all three
models.

Persona-level LSM scores, computed identically
to the model-level scores but broken out by persona
(pooled across all three models), show that consis-
tency loss is not uniform across the four groups and
does not have a single ranking across dimensions.
The hard-of-hearing persona has the lowest over-
all composite LSM (0.699) of the four personas,
driven specifically by the You (0.580) and Motion
(0.748) dimensions, indicating that responses for

the hard of hearing persona exhibit particularly
large modality dependent differences in direct ad-
dress and action-oriented language. The mother
with toddler persona shows its weakest consistency
on Tentative (0.616) and Social (0.745) language,
a difference in certainty and social framing rather
than in direct address. The elderly with dementia
persona is weakest specifically on Power (0.588)
which is the authoritative dimension. The preg-
nant woman persona shows the highest composite
consistency (0.741) and is the least divergent per-
sona on four of the seven dimensions (You, Power,
Tentative, Focuspresent). The observed linguistic
differences vary across personas.

4.5 Qualitative Response Analysis

The quantitative and linguistic differences identi-
fied above also appear in the response examples
shown in Table 4. In both cases, text responses
provide detailed, actionable guidance tailored to
the specific hazard, for example, avoiding dust ex-
posure, staying hydrated, limiting physical exertion
whereas corresponding audio responses are generic,
shorter, and in some cases fail to address the sce-
nario meaningfully.

In the dust advisory case, the audio response
omits critical protective measures such as filtration,
indoor sheltering, and mask usage and replaces
them with vague instructions to “follow safety
protocols.” In a humanitarian context, where af-
fected individuals may lack access to follow-on re-
sources or reliable connectivity, such vagueness is
not merely a quality issue but a safety risk. Elderly
individuals with dementia are particularly vulner-
able here as they are unlikely to seek clarification
or consult secondary sources under crisis condi-
tions (Bell et al., 2023), meaning the first response
they receive is often the only one they act on. For
the second case the text response provides specific,
actionable guidance such as staying indoors, drink-
ing plenty of water and using fans while the audio
response instructs the user to “follow safety pro-
tocols” which is entirely unrelated to the specific
disaster and the user’s condition. Additional Qwen
examples in Appendix B further demonstrate these
differences.

5 Implications for Crisis Language
Technology

Our findings indicate that cross-modal inconsis-
tency in MM-LLMs is a systematic problem that ap-
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Table 4: Examples of poor cross-modal consistency in AudioFlamingo. Blue: situation; Green: text-only guidance.

Input Text Response Audio Response
Elderly w/ demen-
tia; dust advisory

Stay indoors, avoid dust, close windows, use a
HEPA filter. Wear a dust mask if going outside.

Follow safety protocols, seek
healthcare guidance, stay in-
formed.

Mother w/ tod-
dler; heat warn-
ing

Stay indoors, avoid sun, drink plenty of water,
use fans or AC.

Follow safety protocols, seek shel-
ter, stay informed.

pears across all three models and all four personas.
The inconsistency is evident in semantic similar-
ity (SBERT and SUSE), lexical overlap (SBLEU
and SROUGE), preservation of safety-critical in-
formation (factual overlap), and linguistic style
and framing (LIWC-aligned categories). Addition-
ally, response agreement varies across personas and
models, without a uniform ranking across groups.

For the crisis language technology community,
these findings motivate three concrete directions.
First, cross-modal consistency must be treated
as a top priority evaluation criterion alongside
accuracy and fluency, with training pipelines in-
corporating explicit consistency objectives (Tang
et al., 2024; Xu et al., 2025). Second, evaluation
frameworks for crisis-oriented speech and lan-
guage systems must include persona-level analy-
sis to reveal the inequity that emerges at the level
of individual user groups. Third, the linguistic
dimensions most affected by cross-modal incon-
sistency are direct address (You), authoritative
language (Power), and uncertainty (Tentative),
and they provide an actionable target set for
future fine-tuning efforts on disaster risk com-
munication corpora. A model unable to preserve
directive, personally addressed language in audio
input is not fit for deployment in humanitarian cri-
sis contexts, despite its semantic similarity scores.

6 Conclusion

This paper extends prior evaluation of cross-modal
consistency in disaster assistance with an analysis
of linguistic style and framing. This is a critical
property for crisis language technology systems
serving users with access and functional needs. Us-
ing real emergency alerts from the publicly avail-
able FEMA IPAWS archive and persona-based sce-
narios grounded in CDC guidelines, we evaluated
AudioFlamingo, SALMONN, and Qwen across
text and audio modalities using semantic similarity
metrics, factual overlap scoring, linguistic analysis,
and qualitative error examination.

Our findings reveal that no model achieves reli-

able consistency across text and audio modalities.
Audio responses were generally shorter and pre-
served fewer safety-relevant details than their text-
prompt counterparts. The LIWC analysis further
revealed modality-dependent differences in direct
address, authoritative framing, and uncertainty.

Limitations and Future Work. This study has
several limitations that point directly to future di-
rections. Audio prompts were synthesized using a
single TTS configuration and do not capture vari-
ation across human speakers. Future work will
incorporate diverse speaker profiles and personas.
The evaluation is English-only and uses U.S.-based
alert scenarios, limiting generalization to multilin-
gual and cross-cultural disaster contexts and ex-
tending this framework to low-resource language
settings is an immediate priority aligned with the
LT4CPR community’s mission. Preliminary re-
peated testing on same modality prompt showed
variation across generations, but the variation was
not in terms of specificity or actionable detail. We
plan to conduct this testing more systematically
across a set of metrics. We also plan on indepen-
dently assessing each model’s speech recognition
accuracy. Finally, this evaluation is purely com-
putational, meaning that people with access and
functional needs were not involved as participants.
We are actively conducting focus groups and inter-
views with this population to validate our persona
designs with lived experiences to inform the next
phase of this research.
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A Representative Persona Prompts

Table 5 presents representative queries for the four personas.

Table 5: Representative persona prompts used to obtain textual responses, derived from real Wireless Emergency
Alerts.

Persona Name Alert Type Persona Query
Pregnant woman Flood warning “I am a pregnant woman, and I just received a flood warn-

ing. What should I do during this time to stay safe?”

Mother with toddler Flood warning “I am a mother with a toddler, and I just received a flood
warning. What should I do during this time to stay safe?”

Hard-of-hearing indi-
vidual

Flood warning “I am a hard-of-hearing individual, and I just received a
flood warning. What should I do during this time to stay
safe?”

Elderly individual with
dementia

Flood warning “I am an elderly individual with dementia, and I just re-
ceived a flood warning. What should I do during this time
to stay safe?”

B Additional Qwen Response Examples

Table 6 presents selected Qwen response pairs illustrating differences in the specific details included under
text and audio input conditions.

Table 6: Selected Qwen response excerpts for the same query under text and TTS audio input conditions. Both
responses are textual. Blue highlights the hazard; green highlights details present in the text-input response but
absent from the corresponding full audio-input response. Excerpts preserve wording, with Markdown formatting
removed.

Input Text Response Audio Response
I am a hard of hearing individ-
ual, and I just received a flash
flood warning. What should
I do during this time to stay
safe?

Monitor local news and weather updates via
TV with closed captioning, apps with visual
alerts, or text-based emergency notifications.

Follow local news on TV or radio if accessible.

I am an elderly individual with
dementia, and I just received a
excessive heat warning. What
should I do during this time to
stay safe?

Use fans if you don’t have air conditioning,
but know that fans alone may not prevent heat
illness in extreme heat.

Use fans or air conditioning

I am a mother with a toddler,
and I just received a excessive
heat warning. What should
I do during this time to stay
safe?

Use a wide-brimmed hat and sunscreen (SPF
30+), and reapply every 2 hours or after sweat-
ing or wiping.

Use a wide-brimmed hat and sunglasses if out-
side.
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