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Abstract

Language Technologies for Crisis Preparedness
and Response (LT4CPR) encompass a broad
range of natural language applications designed
to support disaster response and preparedness.
Within this domain, our shared task focuses
specifically on leveraging social media data
to extract actionable information and gener-
ate structured situation reports. To establish
a formal benchmark, we introduce a domain-
specific taxonomy for categorizing critical cri-
sis information, alongside a novel pipeline for
generating synthetic datasets to support task
training and evaluation. Furthermore, we de-
velop two baseline systems and propose an eval-
uation methodology designed to leverage the
structural framework of situation reports. The
shared task attracted participation from nine
teams, whose diverse approaches offer valu-
able preliminary insights into the feasibility of
structured situation report generation and the
effectiveness of our evaluation setup. Finally,
we highlight key open challenges (such as data
access, operational alignment, noise filtering)
which needs to be addressed in future research.

1 Introduction

There has been a significant amount of research
on the use of Language Technologies (LT) to pro-
cess crisis-related social media content. The first
reported instance of social media being used during
a crisis (Twitter, specifically) was during the 2007
San Diego firestorm (Meier, 2015). It was not
until 2012, however, that tweets were processed au-
tomatically using LT and crowds during Typhoon
Pablo, using NLP tools developed by the Stand-by
Task Force (Liu, 2014). The Stand-by Task Force
was formed in the wake of the 2010 earthquake in
Haiti (Liu, 2014), and although social media was
not used during that crisis, significant numbers of
SMS messages were sent (up to 5,000 per hour)
and processed using NLP tools developed by the
SBTF and local partners (Mission 4636) which,

when paired with a large Haitian Kreyòl speaking
crowd provided with mapping tools, were respon-
sible for saving hundreds of lives (Munro, 2013,
2010; Lewis, 2010).

It was the Haitian effort that made it clear that
language technologies were life-changing and life-
saving technologies, paving the way for a signif-
icant uptick in LT being applied to social media
content. The first survey focused on the processing
of social media messages during crises was Im-
ran et al. (2015). Although Imran et al. (2015)
looked at all aspects of using and processing so-
cial media content during crises (e.g., information
needs, social media monitoring, characteristics of
crisis-related social media text, etc.), they did look
at NLP as a set of tools necessary to pre-process
content before acting upon it (e.g., triaging, geo-
tagging, geolocating). Subsequent work by many
of the same authors saw the development of large
Twitter-focused datasets through the Qatar Com-
puting Research Institute (QCRI), such as Human
Aid (Alam et al., 2021), Crisis MMD (Alam et al.,
2018), TBCOV (Imran et al., 2021). etc. Having
readily available, large datasets such as these led
to a significant uptick in research focused on the
application of LT to crisis-related social media text.

A recent survey (Lewis et al., 2025) examined
355 papers published in a five-year period from Jan-
uary 2020 to December 2024, all of which focused
on processing crisis-related social media content.
The survey finds that most of the LT systems (202
out of 292, 69.2%) built in this period concentrated
on classification tasks, with much fewer systems
on tasks such as NER (40), topic modeling (19),
geo-location (11) and summarization (11).

The goal of our shared task is to promote and
facilitate LT4CPR research that goes beyond these
relatively simple tasks. For 2026, the shared task
is to generate situation reports from social media
messages. A situation report can be seen as a struc-
tured summary with strict requirements on what
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information should be included. Nine teams from
six countries participated in the task.

This study makes several key contributions to
the emerging LT4CPR field. (i) We establish a new
shared task (Section 2), grounded in a novel tax-
onomy tailored specifically for LT4CPR (Section
3). (ii) We engineer a novel method for generat-
ing a synthetic dataset customized for the shared
task (Section 4). (iii) Beyond conventional eval-
uation measures, we introduce and implement a
fine-grained report-item-level comparison measure
(Section 5). (iv) We construct two baseline systems
and comprehensively evaluate their performance
against participating systems (Section 6).

To foster open science and facilitate downstream
research, we have publicly released all associated
datasets, the custom LT4CPR taxonomy, software
utilities, and evaluation scripts via the shared-task
website.1

2 The Shared Task

The shared task focuses on transforming crisis-
related social media streams into structured sit-
uation reports. During an ongoing crisis, social
media posts can provide timely information on haz-
ards, casualties, infrastructure damage, population
movement, requests for assistance, response ac-
tivities, and other developments. However, these
streams are also highly redundant, fragmented, and
sometimes uncertain or contradictory. Individual
posts often provide only partial observations, while
multiple posts may describe the same underlying
development using different wording. The goal of
the task is therefore to aggregate information dis-
tributed across multiple social media posts into a
concise and structured representation of the crisis
situation.

2.1 The Input: Tweets with Metadata
In this shared task, the input is a set of social media
posts plus some metadata. For convenience, we
refer to those posts as tweets but the posts can
come from any social media platforms, not limited
to Twitter. Each input is stored as a JSONL file. A
tweet is represented as a record in the JSONL file.
An example is as follows:
{
"record_type": "tweet",
"id": 42,
"text": "Two reported injuries in Terminal 1",
"information_source": "Media",
"timestamp": "Tue Jul 08 19:57:44 +0000 2025"

}

1https://lt4cpr.github.io/aacl2026-workshop-
LT4CPR/shared-task.html

The record has five fields:

• The first field, "record_type", always has the
value "tweet", to distinguish the tweet lines
from lines for metadata.

• The second field, "id", is an identifier used to
link tweets in the input with the report items
in the system output.

• The third field is the main content of the tweet.
While it is "text" for this year’s shared task,
it can be changed to other modalities such as
audio and images in future shared tasks.

• The fourth field specifies the type of infor-
mation source, which can be used as a factor
when determining how reliable the tweet is.

• The last field is the timestamp of the tweet.

The metadata includes fields such as title (e.g.,
"Eruption of Mount Vurren in the Sarnat High-
lands"), hazard type (e.g., "volcano"), and a report-
ing period (e.g., "from 1am to 11pm PST on Sept
10, 2025"). Only tweets that were posted within the
reporting period and were related to this particular
crisis should be used to generate the system output.

2.2 The Output: A Situation Report
In this shared task, the output is called a situation
report (SitRep), which must follow a predefined
format.

Sections and Subsections: Conceptually, a SitRep
is a document consisting of sections and subsec-
tions. The titles of sections and subsections are
fixed, as shown in the second and third columns of
Table 1. The first section is always called Situation
overview and it is a short summary of the crisis and
specifies (1) what happened, where, and when; (2)
human impact such as casualty and displacement
figures; (3) the principal cause or mechanism (if
established), and (4) the response and the current
status. The second section of a SitRep is always
called Timeline. It lists important events in chrono-
logical order.

Sections 3-11 in the SitRep cover different as-
pects of the crisis, such as casualties, hazard as-
sessment, and aid provided. Each section is further
divided into subsections, and each subsection in-
cludes only a subsection title and a bulleted list.

Among the 11 sections, the system output must
include Sections 1 and 2. Other sections and sub-
sections are optional; they should be included in
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ID Section title Subsection title Event Superclass Event Type

1 Situation overview NA NA NA
2 Timeline NA NA NA
3 Casualties and human im-

pact
Deaths, Injuries, Missing
persons, Rescues

person_state_change KILL, INJURY, MISSING, RESCUE

4 Infrastructure and service
impact

Destruction, Service dis-
ruption

object_infra_change DESTROY, DISRUPT_SERVICE

5 Displacement and move-
ment

Evacuations, displace-
ment, returns

movement_displacement EVACUATE, DISPLACE, RETURN

6 Hazard assessment Severity, Development of
the hazard

hazard_state SITUATION_STATE, HAZ-
ARDOUS_CONDITION

7 Response actions Operational response response DEPLOY, COORDINATE
8 Communication and in-

formation
Warnings, Information
updates

communication WARN, REQUEST, INFORM

9 Aid and relief Aid provided, Aid re-
ceived, Donation

provide_help, re-
ceive_help

PROVIDE_HELP, RECEIVE_HELP

10 Organizational and ad-
ministrative activity

Meetings, economic mea-
sures

org_admin MEETING, POLICY_CHANGE,
FUNDING

11 Social and community re-
sponse

Social support, Public
sentiment

social, cognitive SOCIAL_SUPPORT, ATTITUDE

Table 1: Sections in a situation report and corresponding event types. The first three columns show Section ID,
Section title, and Subsection titles in a situation report. The fourth column shows the Event Superclass that normally
corresponds to that Section Title, and the last column shows the Event Types that normally correspond to the
Subsection Titles in the third column.

the system output if and only if the input tweets pro-
vide relevant information for those (sub)sections.

A Report Item: To avoid confusion, we call a
bullet in a bulleted list in a SitRep a report item.
A SitRep should be stored as a JSON file. Below
shows how a report item in the Injuries subsection
is represented in this format (Comments starting
with "//" are not part of the format).

{
... // metadata about this SitRep
"sections": [
... // Section 1 and 2 are here
{
"id": "3", // section id

"title": "Casualties and human impact",
"subsections": [
{
"id": "3b", // subsection id
"title": "Injuries",
"bullets": [
{
"id": "3b.1",
"text": "Four injured at LAX",
"confidence": "confirmed",
"tweet_ids": [12, 18, 42]

} // end of the current bullet
... // other bullets

] // end of bulleted list in Sect 3b

} // end of Sect 3b
... // other subsections

] // end of subsections in Section 3
} // end of section 3
... // other sections

] // end of sections
} // end of the sitation report

Connection between input and output: The
tweet_ids field in a report item links input tweets
with the report items in the SitRep. Thus, this
shared task combines the traditional summariza-
tion task with evidence grounding and structured
generation.

3 LT4CPR Taxonomy

In a situation report, each subsection serves to sum-
marize multiple events of the same type. For in-
stance, the Injuries subsection summarizes all the
INJURY events mentioned in the input tweets.

Event identification (often formulated as event
detection or trigger extraction) has long been estab-
lished as a core task within Information Extraction
and NLP (e.g., (Walker et al., 2006; Chen et al.,
2015; Xiang and Wang, 2019; Lai, 2022)). Build-
ing upon this long line of research and designed to
facilitate structured analysis of crisis-related mes-
sages, we propose a LT4CPR-specific taxonomy
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for entities and events. Events additionally incor-
porate typed arguments, epistemic status, negation,
and optional event-specific attributes. This repre-
sentation provides a standardized, structured in-
terface bridging raw tweet text with downstream
cross-message aggregation and summarization.

3.1 Entities

The entity inventory includes categories such as
people, organizations, locations, hazards, infras-
tructure, resources, and temporal expressions. Ta-
ble 2 comprises seven top-level entity types. Type-
specific attributes provide additional structure wher-
ever appropriate. For instance, a person entity can
have an attribute called "address", which itself is a
"loc" entity.

3.2 Events

The taxonomy organizes crisis event types hier-
archically. Its superclasses encompass the major
categories of crisis information, including changes
in person state, infrastructure damage, movement
and displacement, etc. More granular event types
are defined beneath these broader classes (refer to
the fourth column in Table 1).

In the event detection task, an event has a spe-
cific type, a textual trigger, zero or more event
arguments, and a series of event attributes. Event
arguments represent the participants and contextual
information associated with an event. Our taxon-
omy uses PropBank-style argument labels together
with event-specific semantic definitions. Core roles
include ARG0, ARG1, and ARG2, while adjunct roles
encode information such as location, time, cause,
source, destination, manner, and purpose. For event
attributes, the most important ones for us are Re-
alis and Negation. Realis captures how the event is
presented with respect to occurrence, uncertainty,
planning, prediction, or conditionality. Negation
indicates whether an event is negated.

3.3 Usage of the taxonomy

Our shared task leverages this taxonomy across
multiple dimensions. First, we use it to define what
each section and subsection in the situation report
should cover. In general terms, an event superclass
maps to a section and an event type maps to a sub-
section in the situation report, but the mapping is
not strictly bijective (see Table 1); for instance, Sec-
tion 1 or 2 does not correspond to a single event
superclass. Second, we use the taxonomy in our
synthetic dataset generation pipeline (Section 4)

and our baseline systems (Section 6). Third, we
release this taxonomy to shared task participants,
who can choose to use or not use it in their partici-
pating systems.

4 The Dataset

Processing social media in mass emergencies is
a well-established research domain (Imran et al.,
2015), and underpinned by a sizable number of
datasets and evaluations. For instance, a recent sur-
vey (Lewis et al., 2025) reveals that over 350 papers
on processing crisis-related social media data were
published between January 2020 and December
2024, but the vast majority of corpora built dur-
ing that period were text-only, English-only, and
sourced exclusively from Twitter. Because many
disasters occur in non-English speaking countries,
the value of creating resources for non-English lan-
guages cannot be overstated, especially if these
resources are intended for real-world use.

However, owing to structural shifts in the social
media landscape over the past several years, ac-
cessing or releasing social media text has become
increasingly prohibitive. Notably, access to Twit-
ter/X content has been severely restricted—either
through restrictive paywalls or the mandate to
"rehydrate" content (meaning only pointers to
tweets can be shared, rather than the raw text it-
self)—thereby drastically reducing the volume of
readily available content. Without accessible text
corpora, data collection and tool development have
grown significantly more difficult. Even when open
collections of social media data can be located,
generating gold-standard situation reports for them
remains exceptionally challenging.

To address these persistent obstacles, we devel-
oped a robust framework that produces synthetic
data tailored for the shared task.

4.1 Dataset Generation

The generation pipeline is anchored in a founda-
tional principle: the semantic plan precedes the
post. Instead of generating tweets first and situa-
tion reports subsequently, we begin with a concise
narrative description of the crisis. The pipeline
proceeds through several steps:

1. Select a hazard type (e.g., "floods") and in-
stantiate an instance of that type by randomly
populating the hazard attributes (e.g., "flood-
ing at Region X that lasts 10 days").
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Entity Type Attribute Attribute values
person gender male, female, etc.

age_group child, youth, adult, elderly, unknown.
organization org_type government, ngo, emergency_service, company, military, unspeci-

fied_organization
hazard hazard_type Hierarchical natural, human-induced, health, conflict, utility, and

unspecified hazards.
infrastructure infra_type Transportation, utility, and public-service infrastructure.
resource resource_type food, water, electricity, shelter, fuel, medical, phone, internet, other
time time_type absolute, duration, recurring, unknown
loc loc_type geopolitical locations, natural locations, and addresses/intersections

Table 2: Top-level entity types and their attributes in the LT4CPR Taxonomy

2. Randomly generate report items that align
with the hazard type (e.g., "15 people were
injured", "100 people are missing"; "Several
bridges collapsed").

3. For each report item, randomly determine the
number of events that are relevant to that item.
For example, for the item "15 people were in-
jured", establish whether the injuries occurred
within a single INJURY event or across multi-
ple distinct ones (e.g., 3 injured at school Y, 4
at home, 8 on the highway).

4. For each event, we synthesize multiple tweet
segments that explicitly reference the event.
These segments may vary in their lexical real-
ization of triggers, the inclusion or omission
of event arguments and attributes, overall syn-
tactic phrasing, etc. (e.g., "Oh, my god. Three
people died today" vs. "several possible fatal-
ities in Chicago").

5. Construct complete tweets by combining one
or more tweet segments, ensuring that the re-
sulting messages exhibit coherent linguistic
styles. Furthermore, we enrich each tweet
by incorporating metadata such as relevant
hashtags, assigning a precise timestamp, and
allocating a unique identifier.

6. Compile a gold situation report by appending
tweet IDs to corresponding report items, or-
ganizing report items into structured bulleted
lists, and adding section and subsection titles.

Because several of these phases entail stochas-
tic processes, the pipeline can be executed itera-
tively to scale the dataset. In practice, since certain
pipeline stages necessitate LLM API calls (e.g.,
Step 5, to enhance the natural fluency of the gen-
erated tweets), we reduce API costs by permitting

different instances in the dataset to share selected
tweets or report items.

4.2 Hazard Subtypes

The hazard entity type is defined hierarchically in
our LT4CPR taxonomy and the top level comprises:

• Natural hazards: geophysical, hydrological,
meteorological, and climatological hazards;

• Human-induced hazards: chemical spills,
toxic releases, gas leaks, oil spills, nuclear in-
cidents, radiation leaks, explosions, industrial
fires, and hazardous waste;

• Health hazards: epidemics, pandemics, dis-
ease outbreaks, and environmental exposure;

• Conflict hazards: armed conflict, civil unrest,
and terrorism; and

• Utility hazards: power outages, grid fail-
ures, dam failures, and bridge/building col-
lapse risk.

Natural-hazard leaf nodes encompass, among
others, earthquakes and aftershocks, tsunamis, vol-
canoes, landslides, avalanches, floods, thunder-
storms, blizzards, hurricanes, typhoons, cyclones,
tornadoes, heavy rain, strong winds, wildfires,
droughts, heatwaves, and cold waves.

4.3 Corpus statistics

Table 3 summarizes the statistics of the generated
dataset. The hazard subtypes for training, dev, and
test sets are mutually exclusive (non-overlapping).

While the dataset is modest in scale, it
can readily be expanded across multiple dimen-
sions—including size, linguistic diversity (multi-
linguality), modality, and other factors such as data
noise and the presence of conflicting information.
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train dev test
# of hazard subtypes 8 2 6
# of instances 140 23 117
Avg # of tweets/instance 283 372 104

Table 3: Statistics of the shared-task dataset. Hazard
subtypes are discussed in Section 4.2.

5 Evaluation Measures

To evaluate a system, we compare its output against
the gold standard. Ideally, the two should exhibit
identical structural organization with a correspond-
ing sequence of section and subsection titles. How-
ever, recall that Section 3-11 in a SitRep and their
respective subsections should be present only if the
input tweets have relevant events; thus, the system
output and the gold standard could end up having
different structures if the gold standard contains
errors or if the system errs in identifying events
or fails to strictly adhere to the output format re-
quirements. Therefore, several methodological de-
cisions are required for evaluation.

Skip two sections: We elect to ignore the first
two sections in the SitRep because establishing a
reliable gold standard for those sections requires
more studies (e.g., what events should be treated
as important and thus be included in the Timeline
section).

Measures for comparing plain text: To compare
two pieces of plain text, we utilize several well-
known measures, including ROUGE-1, ROUGE-2,
and ROUGE-L (Lin, 2004), BERTScore (Zhang
et al., 2020) and BLEURT (Sellam et al., 2020).2

Unit of comparison: Text can be compared hier-
archically at four different levels: document level
(where all structural properties in the reports are
ignored), section level (where subsection bound-
aries are ignored), subsection level (where bullet
boundaries are ignored), and bullet level (aka item
level, which provides finer granularity).

For the shared task, we apply ROUGE,
BERTScore, and BLEURT at the subsection level
and then micro-average the results to derive a score
at the test instance level.

We also implement an item-level evaluation
leveraging the Hungarian Algorithm (Kuhn, 1955)
to find an optimal alignment between report items

2We use microsoft/deberta-xlarge-mnli for
BERTScore and BLEURT-20 for BLEURT.

in the system output and the gold report (see Ap-
pendix A).

Primary Score: For system-level results, we com-
pute the mean of the scores for test instances within
the same hazard and subsequently compute the
mean across all hazards to ensure equal weighting
across all hazards.

The official primary score is defined as:

Primary =
BERTScoreF1 +BLEURT

2
. (1)

This score emphasizes semantic similarity
notwithstanding variations in wording. ROUGE
and item-level alignment are reported as comple-
mentary measures and are excluded from the offi-
cial primary score calculation.

6 Baselines and Participating Systems

In this section, we describe two baseline systems
we created for the shared task. Both systems
integrate heuristics and Large Language Models
(LLMs).

6.1 Baseline System #1
The first baseline uses a structured three-stage
pipeline to process a collection of crisis-related
tweets and generate a situation report.

Stage 1 runs an LLM (GPT-5.2) on individual
tweets to identify entities and events in the tweets.
The taxonomy outlined in Section 3 is used to for-
mulatethe prompt for the LLM.

Stage 2 performs cross-tweet coreference by clus-
tering entities (and events) identified in Stage 1 so
that the objects in each cluster ideally refer to the
same object in the real world.

Stage 3 uses event clusters from Stage 2 to generate
a situation report. A section or subsection with no
qualifying events is omitted.

6.2 Baseline System #2
The second baseline generates reports by LLMs
and its main focus is on examining how the degree
of preprocessing in the input affects situation-report
generation.

Figure 1 shows the pipeline of the system. There
are five options for the input: Level A consists of
input tweets only; Level B adds the LT4CPR taxon-
omy; Levels C through E add the output produced
by Baseline #1’s Stage 1 or 2 (see Fig 2).

A template-based prompt generator fills a tem-
plate with the input. It places the relevant input
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Figure 1: Common pipeline for all five conditions. Data
products are shown as ellipses and processing modules
as boxes; labels on arrows denote intermediate outputs.

alongside the reporting instructions and includes
the taxonomy whenever the condition calls for it.
The filled prompt is sent to an LLM to generate a
draft report.

The draft report is then sent to a determinis-
tic post-processor, which brings the response into
the required report structure, resolves duplicated
or misordered sections, and discards empty ma-
terial. The processor then checks whether every
cited tweet identifier occurs in the current test in-
put. A rule-based validator finally checks the report
schema, section names, confidence labels, and cita-
tion requirements.

6.3 Participating systems

Nine teams participated in the shared task; six of
them submitted system description papers after-
wards, which are included in the LT4CPR work-
shop proceedings. Most systems follow a similar
pipeline that includes tweet classification, event
extraction from individual tweets, clustering of
tweets, entities or events, report item generation
and verification, and report section serialization.

7 Results

Nine teams participated in the shared task. They
were permitted to submit multiple systems but were
required to designate one as their primary submis-
sion. One team submitted four systems, one sub-
mitted three, and two teams each submitted two
systems. The remaining five teams each submit-
ted only one system. In total, 16 systems were
submitted.

7.1 Primary Submission Results

Table 4 reports the primary submission results for
all participating teams, alongside the two UW base-
line systems. The rows are sorted by the primary
metric. Unsurprisingly, the ROUGE scores tend to
be lower than those of BERT, BLEURT, and the
Primary metrics, as ROUGE relies on exact n-gram
matching.

The numbers in the Align column tend to be
lower than in the other columns because it evaluates
performance at the report-item level rather than
the subsection level. Despite these differences, all
metrics yield consistent system rankings.

7.2 Results of Best System per Team

Table 5 reports the highest-scoring submission
from each participating team, regardless of whether
it was designated as their primary submission. No-
tably, ranking teams by their best-performing sub-
mission yields an identical ordering to the primary
submission leaderboard.

To evaluate whether performance gaps between
adjacent rows in Table 5 are statistically signifi-
cant on the test data with 117 instances, we con-
ducted paired bootstrap and permutation tests on
the primary scores. Pairs exhibiting a statistically
significant difference at p < 0.01 are indicated
with double asterisks on the higher-ranked system.
Only four of the ten adjacent pairs show statistical
significance, indicating that the score differences
between closely ranked systems fall largely within
the margin of statistical variation.

7.3 Performance of Baseline #2

The performance of Baseline #2 is comparable to
the top participation systems. Table 6 illustrate
its performance with five types of input and three
LLMs: Gemini 3.8 Flash (?), GPT-5.6 Luna (?),
and Claude Haiku 4.5 (?).

Among the three LLMs, Gemini produced the
best results than the other two models except for
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Figure 2: Derivation of the five input conditions. C and D receive the same Stage 1 data; D differs only by its
consolidation instruction. E receives canonical event clusters produced by Stage 2.

Team System R1 R2 RL BERT BLEURT Align Primary

Stockmark report-refinement 0.6158 0.4481 0.5486 0.7269 0.6362 0.4635 0.6816
UTS v6 0.5820 0.4156 0.5331 0.7009 0.6275 0.4434 0.6642
UW Baseline #2 Level A (Gemini) 0.5988 0.4359 0.5513 0.7210 0.6000 0.4569 0.6605
Dy rules-v2 0.5338 0.3684 0.4873 0.6739 0.6265 0.4056 0.6502
Meng-qiu in Zhongguancun grounded 0.5300 0.4073 0.4871 0.5839 0.6071 0.3557 0.5955
Amrood nemotron-120b-sitrep 0.5142 0.3927 0.4790 0.5984 0.5483 0.3715 0.5733
gogogo r01g-sr 0.4645 0.3585 0.4398 0.5018 0.5528 0.2881 0.5273
UW System 1 Without grouping 0.3835 0.2129 0.3276 0.5297 0.5135 0.2331 0.5216
BMU system_1 0.3594 0.2636 0.3219 0.4511 0.5170 0.2388 0.4841
Neural Coder extraction-de 0.4331 0.3385 0.4127 0.5082 0.4514 0.3278 0.4798
Databaes g5-evidence-grounded 0.2846 0.1715 0.2524 0.3947 0.5153 0.2022 0.4550

Table 4: Results of the teams’ primary submissions and the two UW baselines, ordered by official Primary score.
The highest score in each column is in boldface. R1, R2, RL, BERT, and Align denote ROUGE-1, ROUGE-2,
ROUGE-L, BERTScore, and item-level aligned F1, respectively. Primary is the mean of BERTScore F1 and
BLEURT.

Level E. Among five levels of input, the level that
produces the highest score varies from LLM to
LLM.

8 Challenges

This shared task highlights many challenges that
our LT4CPR research still faces.

Data access: The first is access to social media
data, which has become increasingly constrained
due to evolving platform API policies, heightened
privacy regulations, and shifting data governance
frameworks. These restrictions severely impede
researchers’ ability to collect localized, real-time
text streams during unfolding emergencies, making
it difficult to train and evaluate models on real-
world crisis data.

Community need: Another challenge is to de-
termine what the crisis response community actu-
ally needs on the ground. Without a clear under-
standing of the operational requirements of first re-
sponders and humanitarian organizations, computa-

tional models risk optimizing for generic language
targets rather than actionable intelligence. Estab-
lishing these grounded practitioner needs is crucial,
as it directly guides how system outputs should be
formatted and dictates the specific metrics against
which these technologies must be evaluated.

System design The third challenge relates to sys-
tem architecture and model design. Social media
data is inherently noisy, uncurated, and frequently
inundated with conflicting statements or deliberate
misinformation. To be effective, an LT4CPR sys-
tem must incorporate robust filtering mechanisms
capable of isolating critical situational signals from
background noise and verifying factuality under
time-sensitive conditions. Furthermore, systems
must gracefully reconcile conflicting reports that
arise during rapidly evolving emergency situations.

A related core difficulty lies in event coreference
and entity resolution—specifically, accurately iden-
tifying and aggregating disparate posts that refer
to the exact same real-world incident despite varia-
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Team System R1 R2 RL BERT BLEURT Align Primary

Stockmark report-refinement 0.6158 0.4481 0.5486 0.7269 0.6362 0.4635 0.6816**

UTS v6mbr 0.5770 0.4089 0.5300 0.7114 0.6221 0.4440 0.6667
UW Baseline #2 Level A (Gemini) 0.5988 0.4359 0.5513 0.7210 0.6000 0.4569 0.6605
Dy rules-v2 0.5338 0.3684 0.4873 0.6739 0.6265 0.4056 0.6502**

Meng-qiu in Zhongguancun cue 0.5300 0.4073 0.4871 0.5841 0.6071 0.3563 0.5956
Amrood nemotron-120b-sitrep 0.5142 0.3927 0.4790 0.5984 0.5483 0.3715 0.5733**

gogogo r01g-sr 0.4645 0.3585 0.4398 0.5018 0.5528 0.2881 0.5273
UW Baseline #1 Without grouping 0.3835 0.2129 0.3276 0.5297 0.5135 0.2331 0.5216**

BMU system_1 0.3594 0.2636 0.3219 0.4511 0.5170 0.2388 0.4841
Neural Coder extraction-de 0.4331 0.3385 0.4127 0.5082 0.4514 0.3278 0.4798
Databaes g5-evidence-grounded 0.2846 0.1715 0.2524 0.3947 0.5153 0.2022 0.4550

Table 5: Results of each participating team’s best system and the UW baselines. The highest score in each column is
shown in bold. Significance markers compare each system with the immediately following system, using the larger
of the paired bootstrap and permutation p-values. ** denotes p < 0.01. Displayed scores use the official hierarchical
aggregation, whereas significance tests use per-instance Primary scores.

System A B C D E
Gemini 66.1 65.2 65.2 66.0 59.6
GPT-Luna 62.9 61.3 63.0 64.2 59.3
Claude 61.5 62.7 60.9 62.4 63.4

Table 6: Performance of Baseline #2 with three LLMs
and five types of input (in primary score, multiplied by
100). A-E refers to Level A-E, as defined in Fig 2. The
highest score in each row is in boldface.

tions in user phrasing, terminology, and contextual
noise.

Evaluation measures: There is the need for im-
proved evaluation metrics. While current methods
leverage the structural format of situation reports,
plain-text comparison still largely relies on n-gram
metrics like ROUGE or embedding-based scores
such as BERTScore. However, these metrics often
fail to capture critical factual precision. A question-
answering (QA)-based approach focused on spe-
cific report items—such as verifying whether "five
people were killed"—offers a more plausible and
reliable way to measure factual accuracy.

9 Conclusion

In this overview paper, we presented the inaugural
LT4CPR shared task on automatic situation report
generation from crisis-related social media streams.
By introducing a domain-specific event taxonomy,
a systematic synthetic data generation pipeline,
multiple baseline architectures, and a structured
evaluation methodology, we established a rigorous
benchmark for evaluating natural language genera-
tion systems in high-stakes emergency contexts.

The participation of nine teams and the submis-
sion of sixteen diverse systems demonstrate both
the feasibility of structured situation report gener-
ation and the vibrancy of the research community
surrounding crisis informatics. Experiments show
all measures produce almost identical system rank-
ings and the score gaps between closely ranked
systems are largely statistically non-significant.

Looking forward, key challenges persist across
the field. Future work must address constrained
access to real-time social media data, align model
outputs more closely with the operational needs of
first responders, build systems capable of filtering
noise and resolving conflicting misinformation, and
adopt fact-oriented evaluation frameworks—such
as QA-based metrics—that go beyond traditional n-
gram and embedding similarity. Addressing these
open problems will be vital for deploying trustwor-
thy, real-world language technologies in emergency
management.

Ultimately, we hope this shared task and its ac-
companying resources will catalyze continued in-
novation at the intersection of language technolo-
gies and crisis preparedness and response, fostering
tools that are not only technologically advanced
but also operationally dependable for emergency
responders and affected communities.
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A Item-Level Evaluation

For item-level comparison, we first break each situ-
ation report into a set of subsections and align them
using subsection titles.

For a subsection d, let Gd and Sd denote the
bulleted list from the gold report and the system
output, resp. To calculate the similarity between
Gd and Sd, we need to start with the similarity wij

between the i gold item and the j system item. Let
Rij be their ROUGE-L F-score and Jij the Jaccard
similarity of the two items’ tweet-id sets. Now we
can define wij as a linear combination of the two
scores:

wij = λ ∗Rij + (1− λ)Jij . (2)

For the shared task evaluation, we set λ to be 0.8
to give more weights to the ROUGE score.

Now we have calculated sij for all the (i, j)
pairs, we run the Hungarian Algorithm (Kuhn,
1955) to find an optimal alignment that maximizes
the total weights of the aligned items.3

Let Wd be the total weight of the optional align-
ment for subsection d. Let m and n be the number
of report items across all the subsections in the gold

3From the optimal alignment, we retain only pairs with
wij > 0.1 to discard negligible assignments rather than en-
force strict semantic equivalence. This preserves partial credit
for related items while treating weak matches as unmatched.
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report and the system report, resp. Precision and
recall are defined as follows:4

P =

∑︁
dWd

n
, R =

∑︁
dWd

m
(3)

The resulting F1 is the item-level score for the
system report.

4According to this definition, if a gold item i and a system
item j are connected according to the optimal assignment, the
edge is considered a partial match and its score wij is added
to the total match score.
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