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Abstract

In recent years, detecting instantaneously expressed urgent needs or requests in disaster-
related posts from disaster-affected social media users has become crucial for disaster re-
sponse and recovery. To address the gap that the performance of current urgent need
detectors based on large language models (LLMs) is below requirements on this task from
the domain of disaster response, we propose a novel insight: decomposing and inducting
post content expressing disaster-induced urgent needs, into disaster event statements and
disaster-induced appeals. The former, widely present and highly coarse-grained homoge-
neous across disaster-related posts, tends to introduce event-induced model bias leading
to false recalls; while the latter, characterized by highly personalized, fine-grained and
subjective phrasing, often challenge LLMs to allocate appropriate attentions to the corre-
sponding tokens. In light of this, we propose CryChime, a novel model-agnostic parameter-
efficient fine-tuning (PEFT) framework. CryChime represents disaster event statements in
a bootstrapping style, and then removes the event-induced bias by orthogonal LoRA-based
counterfactual learning. As fine-tuning steps increase, CryChime gradually disentangles
the domain knowledge for understanding disaster event statements and disaster-induced
appeals in candidate posts, then collaboratively leverage them in performing better urgent
need detection. Experimental results show that CryChime can more effectively listen to
the distant cries from the disaster-affected users.

Keywords: Disaster Response, Urgent Need Detection, Counterfactual PEFT.

1. Introduction

In recent years, increasingly frequent and severe disaster events pose unprecedented threats
to human lives, infrastructure, and assets Palen and Anderson (2016). For instance, the
2011 East Japan earthquake resulted in over 22,000 civilian deaths Norio et al. (2011), while
most of its affected areas are still being condemned as uninhabitable nowadays Hikichi et al.
(2021). The profound impacts of such disasters highlight the requirements on enhancing
disaster-response systems to aid in disaster relief, loss accounting, and other related matters.
In this context, managing the explosive influx of information from microblogging social
medias becomes crucial for online disaster information coordination Alam and Imran (2018);
Imran et al. (2016); Nguyen and Rudra (2022), particularly in perceiving the urgent needs
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Figure 1: A vivid illustration of the insight of CryChime. Many informative disaster-related
posts have a ”disaster event statement” (Blue), no matter whether expressing
urgent needs or requests. The authors always try to be more objective when
writing this part. But the sincere, subjective, personal disaster-induced appeals
for their urgent needs/requests (Red/Green) are also crucial for UND.

or requests of those affected by disaster events Lei et al. (2025); Yang et al. (2024b), a
pivotal component in disaster response workflows.

Reinforcing the growing importance of urgent need detection mentioned above, the ex-
plosive proliferation of SNS since the 2010s has made the task even more critical Reuter et al.
(2018), as individuals in disaster-stricken areas can now instantaneously broadcast their ur-
gent needs through personal posts Yang et al. (2024b) on their accounts, providing real-time,
first-hand insights regarding their struggles and expectations, to the public. For disaster
response coordinators and emergency managers, meeting these urgent needs—whether ac-
curately or by addressing the broader difficulties they reveal—can yield both immediate and
high-impact benefits for the post-disaster recovery. Consequently, the urgent need detec-
tion in disaster response (We define detecting the individual-level urgent needs or requests
expressed in their social media posts during disaster events as the task of this study, ab-
breviated as urgent need detection (UND).) based on pretrained language models (PLMs)
has grasped lots of attention Vitiugin and Purohit (2024); Lamsal et al. (2024) from the
research domain of disaster response (on social media).

Since 2023, building on this trend, the growing deployment of large language models
(LLMs) has further motivated the exploration Yin et al. (2024) of using LLMs as the back-
bone for PLM-based urdent need detector—given that LLMs possess both broad world
knowledge and strong domain adaptability, and they can effectively follow human instruc-
tions—such as focusing on key priorities or adhering to a specific logic—during text un-
derstanding, analyzing and generation. These capabilities render LLMs promising for to
pursuing the best UND performance. Specifically, the well-pre-trained world knowledge
guarantees the robustness of LLMs in understanding disaster-related text and disaster con-
texts, while instruction-following capability ensures people could request LLMs focus on
vulnerable or special groups during disaster events.

∗. Equal Contribution
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However, applying LLMs to UND still faces significant challenges. Specifically, the
challenges are generally revolving around that, to combat with the noise induced by data
imbalance commonly inherent in disaster NLP tasks Garg et al. (2021); Moreo et al. (2016),
how to precisely identify and recall the rare positive samples expressing urgent needs through
achieving high-granularity understanding of the posts. According to existing studies Imran
et al. (2014); Vitiugin and Purohit (2024); Yang et al. (2024b), the alleviation for these
challenges relies on the perspective to deconstruct and inductively analyze the content of
positive samples in UND. In light of this, we conduct a qualitative analysis, and through
our analysis, we argue that posts expressing disaster-induced urgent needs consist of two
main components: relatively objective disaster event statements and more subjective
disaster-induced appeals.

Disaster event statements involve the author’s calm, objective description of aspects of
the disaster’s background (disaster event type), developments, impacts (on the post author)
Alam et al. (2021b) . In contrast, disaster-induced appeals encompass both subjective
emotional expressions and specific or personal urgent needs related to the post author’s
current situation and experiencing, often framed as ”calls for help.” These appeals, although
emotionally charged and sometimes lacking in language structure or logic (occasionally
dismissed as noise), could convey real urgency and elicit more empathy from the public.

In the real world, a post expressing urgent needs might not present a good cover of the
both elements. But from the perspective of human experts, the part of disaster-induced
appeals is also non-negligible for the identification. Unfortunately, regarding domain adap-
tation for LLMs, particularly when the UND fine-tuning dataset is constructed with a social
media disaster informatics corpus composed of multiple categories of disaster-related posts,
disaster event statements often receive more attention and cause higher probabilistic scores,
as they anchor the corresponding posts to the well-observed disaster events in the fine-tuning
dataset, which release general warning signs to LLMs. Consequently, LLMs could tend to
show higher adaptability to other categories, while sacrificing the performance on UND by
neglecting the content of disaster-induced appeals. This will undermine the LLM-based
detector’s recall capability and robustness. In practical applications, the oversight can lead
to the mis-identification of urgent needs as posts about loss of life, donation effort, etc..

To address the challenges, we propose CryChime, a PEFT-based ”Chime” for improving
urgent need detection by listening to the ”cries” during disaster events. Given an LLM-based
detector, in the fine-tuning stage, CryChime gradually disentangles and then collaboratively
leverages the knowledge respectively learned by analyzing disaster event statements and
disaster-induced appeals in candidate posts.

Specifically, to softly represent the disaster event statement from the posts, CryChime
employs a Q-Former-based BLIP-2 architecture to learn how to extract and compress dis-
aster event statements into structured soft prompts from general social media disaster NLP
datasets. The represented disaster event statements include three aspects: Disaster Event
Type, Affected Event Mention and Time Window. We construct question-answering in-
stances for every aspect to pretrain the Q-Former. The combined dataset is named as
disaster event statement dataset (DES).

Next, we iteratively conduct two fine-tuning strategies: (a) We combine the UND train-
ing datasets and a self-constructed disaster-induced appeals analysis dataset (DIAA). DIAA
includes three aspects of instances: Need Type Classification/Extraction, Self-Capacity As-
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Figure 2: An architecture overview of the proposed CryChime (3-round PEFT workflow).
Arrows (dark green) denote the forward passing in Phase-2(Round-A). Arrows
(black) denote the forward passing related to Q-Former and soft prompts.

sessment, Emotional Urgency Analysis. The combined dataset is named as DIAA-UND.
CryChime uses the extracted soft prompts as counterfactual worlds for counterfactual learn-
ing on DIAA-UND, thereby encouraging the model backbone to focus more on disaster-
induced appeals alternatively. (b) We perform LoRA-based orthogonal PEFT on an aux-
iliary dataset (DSever) re-annotated by us, where the labels denote the severity score only
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according to the disaster event statements in the corresponding posts, to consolidate knowl-
edge related to disaster event statements in LoRA blocks, and the detector’s capability
regarding making disaster-related assessment, while mitigating underfitting of the counter-
factual causal path. Finally, in the last phase, we conduct instruction-tuning using UND
dataset only, achieving collaboration of the debiased backbone (focused on disaster-induced
appeals) and the LoRA block.

Experiments on two benchmark datasets of UND show that CryChime outperforms
baselines in its capability to detect posts expressing urgent needs or requests during disaster
events, with stronger robustness in the face of domain shifts on disaster events.

2. Related Work

As a subfield of disaster response, UND aims to detect emergent requirements of affected
populations during disaster events through disaster-related data from social medias. It can
directly inform resource allocation and trigger out efficiency-sensitive relief actions.

So far, multiple benchmark datasets systematically curate social media posts expressing
urgent needs Imran et al. (2014); Alam et al. (2021a); Imran et al. (2016), and annotate
them into a distinct category of disaster-related content Alam et al. (2021a,b). Leveraging
these resources, prior studies study UND through multiple insights. Detailedly, some recent
studies prompt and fine-tune encoder-only PLMs towards UND Yang et al. (2024b) and
additionally give a special focus on rescue-related needs Toraman et al. (2023). Teacher-
student model Vitiugin and Purohit (2024) is also introduced to rank the urgency of needs,
to improve the robustness and the truthworthiness of detection results. Additionally, a
recent study Lamsal et al. (2024) matches urgent needs with resources through similarity-
based retrieval methods to optimize resource allocation.

Unfortunately, compared to other subtasks in disaster response, UND is underexplored
Lei et al. (2025) and more difficult even for GPT-4o Imran et al. (2025), as its accuracy is
below the averaged accuracy across detection subtasks by 15 percent points. To date, UND
still faces many addressed challenges including mining voices from real disaster-affected
users amid the extremely wide propagation of disaster events, achieving high-granularity
capturing and understanding of their emotional expressions and appeals, etc. Some of them
are significantly mitigated by our proposed CryChime.

3. Methodology

The framework of CryChime is illustrated in Figure 2. CryChime includes three phases:

Phase-1 : We begin by constructing DES using posts from general disaster response
classification datasets, then introducing Q-Former to learn to query and compress each
post into a soft prompt (composed of multiple learnable tokens) that expresses the three
aspects of disaster event statement.

Phase-2 : We alternately conduct counterfactual fine-tuning and orthogonal LoRA tun-
ing respectively on DIAA-UND, and on the auxiliary dataset DSever. In this phase, there’re
two rounds. For each instance, in round-A, by counterfactual learning, we leverage the in-
ferred soft prompt along with the text input to force the detector to learn the domain
knowledge for capturing and analyzing disaster-induced appeals. While in round-B, we
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Figure 3: Essentials of Prompts for CryChime (Each aspect has multiple prompt versions).

use the soft prompts only to learn to leverage extracted disaster event statements to make
disaster-related assessment, thereby enhancing the negative causal path for the counter-
factual world in round-A. The disentanglement of the two kinds of domain knowledge is
guaranteed in this stage.

Phase-3 : Instruction-tuning with a smaller update rate is conducted dedicatedly on
UND to enable the collaboration of the bifurcated domain knowledge acquired in Phase-2.

3.1. Phase-1: Soft In-Context Disaster Event Representation

As shown in Phase-1, Figure 2, we introduce Q-Former from vanilla Blip-2 Li et al. (2023).
Initially, we sampled posts from general disaster response datasets as the post content.
Then, we construct prompt DES dataset according to the three aspects mentioned above:
(1) Disaster Event Type: Determine the macroscopic disaster event which causes the given
post (Classification). (2) Affected Event Mention: From the post content, extract a textual
mention of a fine-grained, disaster-induced event that has directly impacted the post author
or their immediate environment. (3) Time Window: Determine the life stage of the disaster
at the time of the text was posted (Classification or Question Answering). Next, we combine
the prompts and the post content, call a SOTA LLM API1 to generate the silver answer
as the field ”output” of data instances in DES. For each instance, the corresponding silver
answer is encoded, then serves as the text input of the Q-Former (initialized with BERT’s
weights) for its pretraining.

Subsequently, we initialize 16 query tokens for Q-Former. In Q-Former, the query tokens
query the text input by cross-attention. Then, the transformed query tokens and text input
representations are respectively output by the Q-Former. For pre-training, we calculate a
contrastive alignment loss and a text generation loss using the output query tokens and
the output text input representations (aligned with the BLIP2’s original ITC and ITG
respectively). Finally, we conduct inference and generate soft prompts for all samples used
in Phase-2 and Phase 3. These soft prompts are exactly the representations of disaster
event statements.

1. https://platform.deepseek.com/, we apply DeepSeek-R1



CryChime

Table 1: Dataset statistics of HumAID Alam et al. (2021a) (restrictive open-sourced)

HumAID Alam et al. (2021a)

Partition Urgent Needs Total Posts

2016 Earthquakes (Ecuador; Italy; Kaikoura) 145 5051
2017 Hurricanes (Harvey; Maris; Irma) 1170 25959
2017 Sri Lanka Floods 34 575
2017 Mexico Earthquake 61 2036

2018-2019 Test Set (8 Real-World Disaster Events) 1136 39657

3.2. Phase-2 (Round-B): Orthogonal LoRA for Disaster Severity Assessment

From the DES dataset used in Q-Former pretraining, and the UND training set , we sample a
subset of their post content. For each post, we annotate a severity score reflecting the threat
and urgency level of the disaster event statement in it, thereby creating an auxiliary dataset
named as DSever. Subsequently, we insert a LoRA Hu et al. block into the frozen LLM, use
Q-Former-generated soft prompts as the primary inputs, to conduct LoRA-based fine-tuning
on DSever, aiming to boost the model’s capability to assessing the severity of disaster-related
posts. By improving the alignment between this domain-specific knowledge and the UND
task, this approach enhances the model’s capacity to effectively utilize the extracted disaster
event statements. Considering the instability of knowledge representations produced by
the counterfactual fine-tuning (see in Section 3.3), and to prevent potential knowledge
conflicts (which might cause catastrophic forgetting ) between the LoRA (counterfactual
branch) and the backbone (main branch; focusing more on disaster-induced appeals), we
approximate a low-rank SVD decomposition of the frozen (fine-tuned) backbone weights,
then construct a regularization term between the LoRA and the decomposition results,
to ensure the orthogonality between their feature subspaces, thus alleviating the above
concerns. It can be written as:

Lorth =
∑
i1, i2

||(
√

Σ̂V̂ TA)[i1, i2]||2, (1)

where (
√
Σ̂V̂ T ) denotes the low-rank reconstruction of the decomposed backbone weights

in the format of A ∈ Rr×d. V̂ T ∈ Rr×d is calculated by SVDlow-rank(W ) = Û Σ̂V̂ T , where W
denotes the frozen pre-trained weights of LLM backbone (epoch = 0) or the weights from
the latest counterfactual fine-tuning round (epoch > 0). According to the empirical finding
in O-LoRA Wang et al. (2023), B is exempted from regularization.

3.3. Phase-2 (Round-A): Bootstrapping LLM to focus on Disaster-Induced
Appeals by Counterfactual Learning

In this part, we aim to guide the neurons in the LLM-based detector’s backbone to more
sensitively and deeply perceive and understand disaster-induced appeals, as they encompass
the most sincere, instant emotional expressions and calls for help from those affected by
the disaster events. It’s immensely valuable both from the standpoint of enhancing UND
performance and improving humanitarian assurances. In light of this, we conceptualize the
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”counterfactual world” as one where the model, in an indifferent manner, solely relies on
the disaster event statements to mechanically determine the presence, validity and other
relative aspects of a potential request or need. Thus, the ”soft-prompt-only” is considered
a counterfactual input as it blocks out any disaster-induced appeals.

Figure 4: Causal graph of CryChime (”H” mainly
denotes disaster-induced appeals).

Another sense of the Round-B for
the Round-A lies in that the LoRA,
trained in previous alternated train-
ing iterations, acts as a strong projec-
tion which models the correlation (di-
rect causal effect) between the counter-
factual input and the need assessment
results. In previous studies Lu et al.
(2024); Zhu et al. (2022), the place-
ment of the fusion between the coun-
terfactual model branch and the back-
bone, typically at the downstream or task-specific head, tends to impair its influence on the
gradient update direction of the model backbone. In contrast, our insight of treating the
LoRA blocks as the counterfactual branch, allow the counterfactual model branch to be in
parallel with the model backbone throughout. The counterfactual learning causal graph of
CryChime is shown in Figure 4

In detail, the fine-tuning dataset used in Round-A is a combination (DIAA-UND) of
20% of the UND training datasets and a disaster-induced appeals analysis dataset (DIAA)
constructed by us.

The task prompts in DIAA cover three aspects related to urgent need expressions: (1)
Potential Need Type: Determine (the primary) urgent need expressed in the post from cat-
egories: Rescue, Medical, Food/Water, Shelter, Protection, Other. (2) Self-Help Capacity:
Evaluate the author’s self-help capacity and briefly analyze the author’s vulnerability (3)
Emotional Urgency: Evaluate the extent of the author’s emotional urgency expressed in
the text.

Next, for the factual world, we apply zero-masking to each token in the soft prompt
with a 50% probability, then concatenate it with the post content to form an factual input,
which is:

Oh = fh(m(x⊕ h̃p)), (2)

where m(·) denotes the LoRA-plugged-in LLM, h̃p denotes the soft prompt after masking
operation, and ⊕ is a concatenating operation. The LoRA block learned in Round-A is
unlearnable for Oh. Parallel to this, for the counterfactual world, we feed the model with
unmasked soft-prompt-only as the counterfactual input, which is:

Op = fp(m(hp)), (3)

where the formula omits a detach operation exerted on m(hp). fh(·) and fh(·) respectively
denote the task heads. Finally, the counterfactual fine-tuning can be written as:

L = L([(1− α)Oh + αOp], y) + βL(Op, y), (4)
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where [(1−α)Oh+αOp] is the Total Effect (i.e., Yh,x,p) shown in figure 4, and Oh represents
the Total Indirect Effect (i.e., Yh,x,p−Yh∗,x∗,p), which is the disaster-induced appeals-aware
detection of urgent needs given by CryChime.

Empirically, as the counterfactual model is required to explicitly model the causal
path independent from the factual world, it’s often configured as a more lightweighting
branch compared to the base model. Otherwise, the computational expenditure could be
excessive. On the contrary, the underfitting of the counterfactual branch could also neg-
atively impact the debiasing. While CryChime, however, allows counterfactual inputs to
also leverage the pre-trained LLM weights, without introducing too many additional pa-
rameters. Furthermore, we emphasize that although an excessive focus on disaster event
statements is more detrimental than beneficial, a moderate focus does not. Thus, for UND,
the disentanglement-integration strategy (to balance LLM’s attention distribution on the
two parts) used by CryChime is better than the ”complete removal” strategy.

Consequently, our alternative counterfactual learning strategy allows for the potential
collaboration of knowledge from the well-trained, debiased factual world and the counterfac-
tual world in a later stage (see in Para 3.4). That’s because the domain knowledge regarding
disaster event statements is not completely excluded as confounder but is instead filtered
out and stored in the orthogonal LoRA, which can later be further utilized for collaboration
with the fine-tuned model backbone that focuses more on disaster-induced appeals, thereby
achieving better UND performance.

3.4. Phase-3: Last Fine-Tuning for Collaborative Urgent Need Detection

In this phase, through simply conducting post-instruction-tuning on existing UND training
datasets, we encourage CryChime to primarily focus on disaster-induced appeals in user
posts, in order to extract the poster’s in-disaster urgent needs. Additionally, CryChime can
also anchor the background information in the posts to the associated disaster events and
evaluate them as a support to the former. In the workflow, the two insights are implemented
respectively through the LLM’s backbone and the orthogonal LoRA. Meanwhile, because of
domain knowledge for mining appeals from subjective in-disaster narratives and assessing
the urgency within disaster event statements are learned independently, Phase-3 could also
be regarded as arousing the integration and collaboration between them. More illustrations
about the insights of this part see in Section 3.3.

4. Experiments

4.1. Experiment Settings

4.1.1. Datasets, Task Setups and Implementation Details.

We compare our proposed CryChime against baseline methods on two of the most author-
itative benchmark UND datasets, namely HumAID and DRD.
HumAID Alam et al. (2021a): HumAID comprises approximately 77,000 tweets extracted
from 19 disaster events (clearly labeled) that occurred from 2016 to 2019. It covers a variety
of disaster event types and is for training models capable of understanding disaster-related
information. In HumAID, posts officially labeled with ”request or urgent needs” are con-
sidered as positive samples for UND. We construct the training set by selecting disaster
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Table 2: Comprehensive evaluation on Hum-AID and DRD Datasets. The best results that
pass p ≤ 0.005 paired t-test are shaded. Metrics: Recall ± Std; Precision ± Std

LLaMA-3.1-8B LLaMA-3.2-3B Qwen-2.5-14B

Dataset Method Precision Recall Precision Recall Precision Recall

HumAID

ZS+CoT 65.42 44.14 63.11 42.43 66.41 51.06
SFT 80.15 75.79 81.69 80.68 84.71 81.07
SFT+LoRA 81.84 80.59 82.55 82.20 84.30 83.71
O-LoRA 83.31 77.25 80.68 75.31 81.45 79.23
ME-MoE 83.62 83.02 83.94 83.24 83.13 84.24

CryChime 85.27 88.69 85.32 89.43 86.96 91.02

DRD

ZS+CoT 66.28 54.73 67.69 52.55 72.41 56.84
SFT 85.03 85.95 85.91 87.08 84.79 91.06
SFT+LoRA 85.92 87.47 85.15 88.26 85.22 91.51
O-LoRA 86.53 82.39 86.73 83.32 87.75 85.17
ME-MoE 85.10 88.31 86.99 87.94 86.82 91.84

CryChime 87.59 93.55 87.32 93.06 87.59 95.19

events in 2016-2017, where the proportion of positive samples of each selected events must
exceed 1%, and we build the test set with all events in 2018-2019. HumAID contains a
larger number of posts categorized under causalty reports, donation efforts, and sympathy
support, which are highly possible to result in false-positive predictions. Data statistics is
shown in Table 1.

DRD2: DRD (Disaster Response Dataset) consists of tweets collected during various dis-
aster events that occurred in 2010 and 2012. We used the re-annotated version provided by
CrisisBench Alam et al. (2021b).

For our constructed datasets, i.e. DES (Section 3.1), DSever (Section 3.2) and DIAA
(Section 3.3), details are:
DSevers: We construct DES as the pre-training dataset for the Q-Former’s learning of
how to query and compress disaster event statements into soft prompts. We extract 50,000
samples from the general disaster response datasets provided by CrisisBench and remove
all samples categorized as ”request or urgent needs” Then convert them into instances by
prompting DeepSeek-R1 to generated the output with the post content and the three as-
pects of task prompts. We also synthesize 10% of the randomly selected UND training data
into DES instances.
DSever: We merge the post content of a subset of the DES dataset (with a 50% random
probability) with 40% of the UND training set to form the corpus for Round-B. Human
annotators assign a 0-1 severity score to each sample’s disaster event statements.
DIAA: Instances of DIAA are synthesized following the LLM Api prompting workflow for
synthesizing DES. The key difference is, for each aspect of disaster-induced appeals (Poten-

2. https://www.appen.com/datasets/combined-disaster-response-data
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Figure 5: Prompt for baseline ”ZS+CoT” and Section 4.3 ”LLM-incorporated Evaluation”.

tial Need Type, Self-Help Capacity and Emotional Urgency), considering data imbalance
in UND datasets, we only generated 3000 instances (9000 in total). 30% of them are from
UND dataset’s positive samples.

As previous studies Kostina et al. (2025) indicates that input template with task in-
struction and CoT-included prompt can enhance the model performance. Therefore, we
select the chat version of LLaMA-3.2-3B, LLaMA-3.1-8B and Qwen-2.5-14B Yang et al.
(2024a) as the base models.

In Phase-2 (Round-B), we additionally incorporate ||W − Û Σ̂V̂ T ||2 as a regularizer to
mitigate the error caused by low-rank approximate SVD decomposition. In Phase-2 (Round-
B), since counterfactual finetuning relies on probabilistic outputs, we deploys a classification
head. In Phase-2, Round-A and Round-B alternate one time in each epoch, with Round-B
being conducted first. In our experiments, we run the experiments on 4 NVIDIA A100 80G
GPUs. For CryChime, We conduct Phase-1 Q-Former pre-training, Phase-2 (round-A and
round-B alternatively in one epoch) and phase-3, respectively for 3/4/4 epochs.

4.1.2. Baselines

In this paper, we select 5 baselines as follows:
ZS+CoT: In line with the insights conveyed CryChime, we draft an instruction template
(sees in Fig 5) with CoT to perform zero-shot (ZS) prompting on the base LLMs.
SFT: Supervised fine-tuning on UND.
SFT+LoRA: After finishing SFT, we integrate LoRA blocks into the model to perform
an additional LoRA-based PEFT. The epoch number is set equal to that of SFT.
O-LoRA Wang et al. (2023): Orthogonalized LoRA for continual PEFT. In our experi-
ments, we partition all samples into multiple sub-datasets based on their associated disaster
event types. Each sub-dataset is treated as a subtask for O-LoRA, and a corresponding set
of LoRA weights is trained. Subsequently, the LoRA weights from all groups are aggregated
to form the initial model update.
ME-MoE Nan et al. (2021); Ying et al. (2023): Adding an event-type-specific MoE (Mix-
ture of Experts) module downstream of the LLM to mitigate the negative impact of disaster
event statements. Specifically, we create multiple lightweight experts downstream of the
LLM. Each expert is initialized as a 1D attention layer + linear layer. The top-1 hard
router exclusively receives the soft prompt, reflecting that routing decisions are made based
on the disaster event statementn.
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Table 3: Prompt-based evaluation on Hum-AID and DRD Datasets. Api-M1: GPT-4o;
Api-M2: DeepSeek-V3. ”Base-Ori” denotes the zero-shot prompting version w/o
the CoT derived from CryChime’s insights, but only simply using ”Let’s think step
by step” instead. The best results that pass p ≤ 0.005 paired t-test are shaded.
Metrics: Recall ± Std; Precision ± Std

Dataset Metric M1-ZS M1-FS M2-ZS M2-FS M1-Ori M2-Ori Ours

HumAID
P 78.06 77.95 82.41 79.84 77.84 80.25 87.91

R 83.53 82.80 80.05 78.34 79.26 76.79 92.26

DRD
P 82.35 82.92 84.1 82.26 82.86 83.19 88.20

R 89.13 87.27 86.37 85.19 85.53 83.15 95.42

For both SFT and SFT+LoRA, we experiment with either concatenating a soft prompt
to the input or not and report the better.

4.2. Comprehensive Evaluations

Comprehensive evaluation across datasets and baselines are reported in Table 2. In real-
world applications filled with noise, the proportion of urgent need expressions is quite low.
Thus, detecting and recalling positive samples becomes the primary challenge. Furthermore,
consider the recalled posts often need to be evaluated by human experts, the proportion
of true positives is also important for the efficiency. Thus, we report Precision and Recall
scores. Our findings are as follows:
(a): CryChime outperforms the baselines across all experimental groups. Compared to the
best result of the baseline methods, it shows an advantage of 3.20 percentage points (pp).
(b): As a benchmark dataset more representative of real disaster scenarios, with data char-
acteristics like temporal OOD (Out-of-Domain), HumAID poses a greater challenge for the
models in deeply mining and recalling urgent needs or requests. Excitingly, CryChime
demonstrates an exceptional Recall score on HumAID, which is on average 6.21 pp higher.
This suggests that the strategy of disentangling then integrating regarding the LLM’s
knowledge for disaster event statements and disaster-induced need appeals, leads to im-
pressive performance lift in recalling the rarely appeared urgent need or request expres-
sions. CryChime also outperforms the baseline by 4.46 pp on DRD, thereby exhibiting its
advantage on standard scenarios.

4.3. LLM-incorporated Evaluation

In this part, considering the concerns about local training costs and inference efficiency,
CryChime is built upon small LLMs. Meanwhile, in resource-constrained scenarios, apply-
ing prompt engineering to SOTA LLMs is also a widely adopted approach. Therefore, in
addition to the baselines, we compare CryChime with SOTA LLMs enhanced by prompt
engineering. Specifically, following existing works, we write the insight of CryChime (disas-
ter event statements + disaster-induced appeals) as CoT of the prompts. We select GPT-4o
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Figure 6: Results of disaster event transfer evaluation (Model: Qwen-2.5-14B, Metric: F1).

and DeepSeek-v3 for the experiment and conduct the evaluation in two settings: 3-instance
few-shot (FS) and zero-shot (ZS). Details of the prompt for LLM APIs see in Figure 5.

As shown in Table 3, CryChime(Fine-tuned on the both UND training sets) outperforms
”SOTA LLM + prompt engineering” by 6.16 pp, indicating that CryChime, as a specialized
small LLM, can serve as an alternative to LLM APIs. Furthermore, the prompt based on
the insights of CryChime can lift the need identification ability of SOTA LLMs more close
to that of the expert models after SFT.

4.4. Ablation Study

We construct four degraded versions of CryChime in order to better understand the con-
tribution of each component within the full framework. Specifically, we gradually remove
different modules from the complete model, and each modified variant is regarded as a
degraded baseline.

Figure 7: Results of ablation study (Backbone:
Qwen-2.5-14B, Metric: F1-Score).

Concretely, the four degraded ver-
sions are obtained as follows: Dg-1 is
produced by removing the Q-Former
module, Dg-2 is generated by discard-
ing the counterfactual learning strat-
egy, Dg-3 excludes the orthogonal LoRA
PEFT mechanism, and Dg-4 simpli-
fies the input into a soft-prompt-only
form. These variants are denoted Dg-
1 through Dg-4, respectively. More al-
gorithmic details and implementation
specifications can be found in the Sup-
plementary Materials.

The results show that soft prompts
generated by Q-Former is of higher qual-
ity than textual extracted disaster-event
representations (Dg-1). However, the
soft prompt is clearly insufficient to fully
and deeply express urgent needs or requests (Dg-4). The fine-grained perception of disaster-
induced appeals for urgent needs and knowledge disentanglement via counterfactual learning
in the insights indeedly largely contributed to UND(Dg-2). Additionally, orthogonal LoRA
tuned on DSever contributes to the performance gain regarding recall capability (Dg-3).
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4.5. Domain Transfer Evaluation

To evaluate CryChime’s transfer ability across both time and events (i.e., its cross-domain
and temporal robustness), we sample from the disaster event collection and timeline from
the training set of HumAID, to create six sub-datasets for training. Subsequently, we select
three disaster events with sufficient positive samples—2018 Kerala Floods, 2019 Cyclone
Idai, and 2019 Hurricane Doran—as test subsets.

The experimental results shown in Figure 6 indicate that, beyond its general advan-
tages, in cross-event groups (e.g., training on 2016–2017 Earthquake data and testing on
2018 Kerala Floods), CryChime’s advantage increases to an average of approximate 7.1 pp,
demonstrating its strong cross-domain robustness. Moreover, transferring over time does
not cause obvious impact on the performance gap.

5. Conclusions

We propose CryChime, a PEFT-based framework that disentangles disaster event state-
ments and disaster-induced appeals to improve the detection of affected people’s urgent
needs and requests in disaster response. Through experiments and illustrations, we suc-
cessfully demonstrate that CryChime offers a reliable help for real-world disaster response
systems to hear more distant cries during disaster events.
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