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Abstract: During crisis events, digital information volume can increase by over 500% within
hours, with social media platforms alone generating millions of crisis-related posts. This
volume creates critical challenges for emergency responders who require timely access
to the concise subset of accurate information they are interested in. Existing approaches
strongly rely on the power of large language models. However, the use of large language
models limits the scalability of the retrieval procedure and may introduce hallucinations.
This paper introduces a novel multi-stage text retrieval framework to enhance information
retrieval during crises. Our framework employs a novel three-stage extractive pipeline
where (1) a topic modeling component filters candidates based on thematic relevance, (2) an
initial high-recall lexical retriever identifies a broad candidate set, and (3) a dense retriever
reranks the remaining documents. This architecture balances computational efficiency with
retrieval effectiveness, prioritizing high recall in early stages while refining precision in
later stages. The framework avoids the introduction of hallucinations, achieving a 15%
improvement in BERT-Score compared to existing solutions without requiring any costly
abstractive model. Moreover, our sequential approach accelerates the search process by 5%
compared to the use of a single-stage based on a dense retrieval approach, with minimal
effect on the performance in terms of BERT-Score.

Keywords: web search; Internet and social media; text retrieval; crisis management

1. Introduction
The exponential growth of digital information, while enhancing global connectivity

and facilitating access to knowledge, presents formidable challenges in efficiently retrieving
relevant and accurate data. Users are frequently overwhelmed by the volume of content
on various online platforms, such as social media, news outlets, and blogs, particularly
when seeking timely insights during rapidly evolving events [1]. Crisis scenarios, such
as natural disasters (e.g., wildfires, hurricanes, floods) [2], industrial accidents, or public
health emergencies (e.g., COVID-19) [3], exemplify these dynamic contexts. In such sit-
uations, the ability to access precise and pertinent information is not only beneficial but
can critically influence outcomes, including resource allocation, coordination of rescue
efforts, and the effective guidance of affected populations, often making the difference in
life-saving decisions.

Despite the critical need, existing information retrieval (IR) methods exhibit significant
limitations when applied to crisis management. Traditional lexical search approaches,
such as BM25, while computationally efficient and effective for keyword-based queries,
often struggle with semantic nuances, synonymy, and the implicit meaning prevalent in
crisis-related communication, leading to low precision or missed relevant documents [4].
Conversely, while recent advancements in large pre-trained natural language processing
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models [5] and generative models [6,7] have demonstrated improved semantic under-
standing, they introduce their own set of drawbacks. These pre-trained models, used to
implement dense retrieval systems, though powerful, can be computationally intensive
for real-time processing of high-volume data streams. Furthermore, these models often
require domain-specific fine-tuning to adapt to the specialized vocabulary and context
of crisis events, as their performance can degrade when dealing with data uncommon
in general-purpose training corpora [8–10]. Generative models, while capable of produc-
ing fluent text and employed in other solutions [11,12], pose risks of hallucination and
information fabrication that are unacceptable in crisis scenarios [13]. Moreover, their high
computational demands or reliance on commercial APIs make them impractical for many
emergency response organizations operating under resource constraints.

To overcome these limitations, this paper introduces a novel multi-stage, fully extrac-
tive retrieval framework specifically designed for crisis event information management.
Our approach integrates the efficiency of traditional lexical search with the semantic un-
derstanding of modern dense retrieval methods in a cascaded architecture. This design
first employs a lexical retrieval stage for broad candidate generation, followed by a dense
retrieval stage for precise reranking, thereby optimizing both recall and precision. This syn-
ergy allows our framework to outperform the current best competitor by 13% in BERT-Score
F1-Score. Crucially, our system also achieves a 5% reduction in search latency compared
to single-stage dense retrieval methods, while concurrently ensuring superior average
recall. This enhanced performance provides a robust, scalable, and computationally viable
solution tailored to the demands of real-world crisis response operations.

Our contributions can be summarized as follows:

• Architectural Design for Crisis-Specific Retrieval: We propose a novel multi-stage
retrieval architecture that synergistically combines a lexical retrieval stage for efficient,
broad recall with a subsequent dense retrieval stage for high-precision reranking. This
cascaded design is specifically tailored to handle the high-volume, redundant, noisy,
and time-sensitive data characteristic of crisis events, improving single-stage systems
and generic multi-stage designs.

• LLM Independency: Our framework achieves state-of-the-art performance without
relying on computationally expensive large language models (LLMs). This design
choice prioritizes deployability and operational feasibility for resource-constrained
emergency response scenarios, offering a practical alternative to LLM-based solutions
while surpassing their effectiveness.

• Algorithmic Design for Extractive Summarization Support: The framework is de-
signed to be fully extractive, ensuring that all retrieved information is directly traceable
to source documents. This is a critical design choice for crisis management, where
verifiability and trust are paramount, distinguishing our approach from abstractive
methods that risk introducing unsupported information and hallucinations.

• Comparative Analysis: We provide a comprehensive empirical evaluation of our pro-
posed pipeline against established single-stage lexical and dense retrieval baselines,
as well as state-of-the-art models. Our results highlight a superior balance between
retrieval effectiveness and computational efficiency, demonstrating the practical ad-
vantages of our architectural and algorithmic choices for the target domain.

We release our code for reproducibility at https://github.com/DarthReca/multistage-
crisis-retrieval (accessed on 27 May 2025).

The paper is structured as follows. Section 2 presents the state-of-the-art solutions for
the task, Section 3 presents the problem statement, the employed data, and the proposed
pipeline, Section 4 presents an experimental comparison with state-of-the-art solutions and

https://github.com/DarthReca/multistage-crisis-retrieval
https://github.com/DarthReca/multistage-crisis-retrieval
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the ablation study; Section 5 summarizes the main findings, the limitations, and the impact
on the sector; and Section 6 concludes the paper by discussing future research directions.

2. Related Works
This section presents the related works in text retrieval (see Section 2.1) and deep learn-

ing and information retrieval (IR) related to crisis management (see Sections 2.2 and 2.3).

2.1. Text Retrieval

Text retrieval aims to satisfy a user’s information need, typically expressed as a query,
by identifying and ranking relevant documents from a large collection [14]. The general
architecture of such systems involves document processing, the creation of an efficient
index, query processing, a matching or ranking function to score documents against the
query, and finally, the presentation of results. The inverted index is a central component
linked to the performance of traditional information retrieval (IR) systems. It is a data
structure that maps terms to the documents containing them. Significant research has
focused on optimizing these inverted indexes for both speed and storage, employing
techniques such as self-indexing to provide fast access [15] and sophisticated compression
strategies coupled with optimized document ordering to manage vast document collections
effectively [16].

Early retrieval models, such as the Boolean model, which rely on set theory and
Boolean operators, offer precise but often rigid retrieval with no inherent ranking of docu-
ments. The Vector Space Model (VSM) [17] was a step forward, representing documents
and queries as vectors in a multi-dimensional space where each dimension corresponds to a
term [18]. Term weights, often calculated using TF-IDF (term frequency-inverse document
frequency), reflect the importance of terms both locally within a document and globally
across the collection. Relevance is then typically assessed using similarity measures like
cosine similarity, allowing for partial matching and ranked retrieval. Concurrently, proba-
bilistic models offered a different theoretical perspective, aiming to rank documents based
on their estimated probability of relevance to a query. The probability ranking principle
(PRP) [19] states that optimal retrieval is achieved by ranking documents in decreasing
order of their probability of relevance, given all available evidence.

The Okapi BM25 ranking function [20,21] builds directly on these probabilistic foun-
dations. It calculates document scores based on query term presence, considering term
frequency saturation (recognizing that repeated terms offer diminishing returns), inverse
document frequency (IDF) to emphasize rarer, more informative terms, and document
length normalization. The computational efficiency of BM25 is the result of extensive algo-
rithmic engineering for core search operations like list traversal and score accumulation,
particularly for in-memory systems [22]. Beyond core term weighting, traditional IR also
explored other lexical and structural cues to enhance ranking. For example, the proximity
of query terms within documents or the structural zone in which terms appear (e.g., title,
abstract) [23].

Given its efficiency, BM25 is well-suited as an initial high-recall retrieval stage in a
multi-stage pipeline. This allows for rapid scanning of large document sets to form a broad
candidate pool. However, BM25’s effectiveness is primarily driven by exact term matches,
so it inherently struggles to understand semantic meaning, synonyms, or paraphrased
expressions. This limitation is particularly pronounced with short or ambiguous queries
or when dealing with diverse and noisy vocabularies, such as those found in social media
during crises, potentially leading to lower precision or missing relevant documents that
use different terminology [4].
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To address such limitations, recent advancements in Natural Language Processing
(NLP) and deep learning have led to the development of transformer-based retrieval
models [24]. These models leverage deep contextual embeddings to capture semantic rela-
tionships, converting queries and documents into high-dimensional vector representations
that allow for more effective semantic matching. Transformers are also widely employed as
rerankers [25], where they process query-document pairs from an initial candidate set to
provide a more accurate final ranking. While these neural network-based approaches often
yield significant improvements, they typically require substantial computational resources
for both indexing (in the case of dense retrieval) and inference. This can be a challenge
for deployment in real-time crisis scenarios. Furthermore, while powerful, if such models
were extended or coupled with abstractive components for tasks like summarization, they
could introduce the risk of “hallucinations”—generating plausible but factually incorrect
information [13].

Hybrid approaches, which combine traditional lexical-based methods with neural
retrieval models, have been explored to balance between efficiency and accuracy [26]. A
common strategy involves a two-step retrieval process: an initial candidate selection using
an efficient lexical model, followed by a more computationally intensive neural reranker
to refine the results [25,27]. While this is an established practice, a single pass of retriever
and reranker can inherently lose many relevant documents, so we propose a double pass
of retriever and reranker to better process a smaller set of potentially relevant documents.
Additionally, topic modeling was already explored in retrieval [28], but to assign a topic
to a query rather than filtering the corpus from noise, as we conversely propose in our
approach. Our extractive multi-stage pipeline, which avoids abstractive generation, offers
a promising avenue to meet the demands of crisis responders by maximizing recall of
potentially relevant information in early stages while systematically refining precision and
ensuring factual grounding in later stages without sacrificing scalability.

2.2. Deep Learning in Crisis Management

Integrating deep learning techniques in crisis management has emerged as a pivotal
area of research, driven by the need for rapid, accurate, and scalable solutions to handle
complex and dynamic emergency situations. Deep learning has been applied to various
domains, including natural disaster response [29,30], public health emergencies [31], and
humanitarian crises. These applications often involve the analysis of large-scale, hetero-
geneous data sources, such as social media feeds [4], satellite imagery [29,30], and sensor
data [32] to extract actionable insights and support decision-making.

One of the key advantages of deep learning in crisis management is its ability to
process and analyze unstructured data, such as text and images, which are prevalent in
emergency situations. However, applying deep learning in crisis management also presents
several challenges, including data scarcity and bias. The dynamic and unpredictable
nature of crises often results in limited or imbalanced training data, which can affect the
performance and generalizability of deep learning models.

For this reason, some ad-hoc models were proposed to face these needs [4,33], and
while general-purpose models can still be employed, they can struggle to understand the
crisis context fully.

2.3. Retrieval in Crisis Management

Crisis situations like natural disasters, industrial accidents, and public health emer-
gencies require fast and accurate information retrieval to support decision-making. Social
media platforms, including Twitter, Facebook, and Reddit, have become crucial real-time
information sources [34]. However, the high volume of unstructured, redundant, and often
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contradictory data presents significant challenges for retrieval systems. Another challenge
in crisis information retrieval is the presence of misinformation and redundant content.

CrisisFACTS [35,36] provides the first attempt at creating a corpus tailored for crisis
management with all the mentioned challenges. During the two editions of the challenge,
various solutions were proposed to solve a retrieval and summarization task, ranging from
extractive [37,38], reinforcement-learning-based [39], and LLM-based [11,12] methods. The
first edition highlighted the need to improve the recall of the designed systems [35]. While
abstractive solutions can improve the quality of the writing, the retriever should be able
to recover all relevant documents to avoid definitively losing important facts during a
crisis. This work focuses on a full extractive solution that can surpass even the most recent
abstractive solutions thanks to a retrieval pipeline tailored to recover as many relevant
documents as possible with a multi-stage approach.

3. Materials and Methods
In this section, we first present the task and dataset. Then, we discuss the employed

framework.

3.1. Okapi BM25 Ranking Scheme

Okapi BM25 (Best Match 25) is a widely adopted ranking function used in information
retrieval systems to estimate the relevance of documents to a given search query [21]. It is
a probabilistic model that extends earlier methods like TF-IDF (Term Frequency-Inverse
Document Frequency) by incorporating term frequency saturation and document length
normalization. The BM25 score for a document D with respect to a query Q, which is
composed of individual query terms q1, q2, . . . , qn, is calculated as follows:

Score(D, Q) =
n

∑
i=1

IDF(qi) ·
f (qi, D) · (k1 + 1)

f (qi, D) + k1 ·
(

1 − b + b · |D|
avgdl

) (1)

where:

• IDF(qi) is the Inverse Document Frequency of the query term qi. It measures the
general importance of the term in the collection. A common formula for IDF is

IDF(qi) = log
(

N − n(qi) + 0.5
n(qi) + 0.5

+ 1
)

(2)

Here, N is the total number of documents in the collection, and n(qi) is the number
of documents containing the term qi. The addition of 1 inside the logarithm (or other
variants like adding 0.5 to the numerator and denominator) is to prevent division by
zero for terms not present in any document or to smooth the IDF values.

• f (qi, D) represents the frequency of term qi in document D (i.e., term frequency).
• |D| is the length of document D, measured as the total number of words (or tokens)

in it.
• avgdl is the average document length across the entire collection.
• k1 is a positive tuning parameter that controls the term frequency saturation. It dictates

how quickly the contribution of a term’s frequency to the score diminishes as the
frequency increases. A typical value for k1 is between 1.2 and 2.0.

• b is another tuning parameter, usually between 0 and 1 (a common default is 0.75),
which determines the degree of document length normalization. When b = 1, the
scaling by document length is fully applied, and when b = 0, no length normalization
is applied.
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Data Structures

Efficient calculation of BM25 scores relies on the following structures:

• Inverted Index: This is the primary data structure. It maps each unique term in the
collection to a list (postings list) of documents that contain that term. Each entry in the
postings list often stores the document ID and the term frequency f (qi, D) within that
document. The document frequencies n(qi) (number of documents containing term
qi) can be derived from the length of these posting lists.

• Document Length Storage: An array or map is typically used to store the length |D|
for every document in the collection, indexed by document ID.

• Corpus Statistics Storage: Variables to hold global statistics such as the total number
of documents N and the average document length avgdl.

3.2. Problem Statement

We address the CrisisFACTS 2023 task first proposed in Buntain et al. [35]. Given a
crisis event, it has associated timestamped documents D, each one belonging to a stream
s ∈ S = {tweets, Reddit messages, news, Facebook posts}. The CrisisFACTS task aims
at selecting a list of documents R ⊆ D relevant to generating a daily summary as shown
in Figure 1 for an emergency responder. The summary should cover all facts happening
during the day without redundant facts. A set Q of event queries that interest emergency
responders is optionally provided as guidance to retrieve R, but they do not necessarily
have to be used and can be extended.

Day 1 
Summary

Day 2
Summary

Day 3 
Summary

Day 1 Day 2 Day 3

News

Twitter

Reddit

Facebook

Queries

Relevance

Figure 1. During each day of an event, the system has to select all relevant documents (blue squares
in the figure) from the streams (News, Twitter, Reddit, and Facebook) and, at the end of each day,
compose a summary using the selected documents.

3.3. Dataset

The CrisisFACTS 2023 dataset [35,36] comprises a series of documents from different
sources for different catastrophic events (see Table 1). The events are tornadoes, wildfires,
hurricanes, floods, and various accidents. They last for more than one day, and a minimum
of 20,000 documents are associated. These documents are produced and deposited on the
Internet daily during an event. The data in the collection is only weakly filtered (e.g., based
on hashtags and keywords). For this reason, there is a lot of noise and irrelevant documents.
The following streams are available:
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1. News: News articles are an excellent source of information during catastrophic events,
and a small number of pieces were included in the dataset.

2. Twitter: Twitter posts were collected based on keywords relevant to the events in the analysis.
3. Reddit: Top-level posts with all subsequent comments were extracted from Reddit

threads relevant to the emergency and included in the dataset.
4. Facebook: Facebook posts from public pages are provided based on relevance to each

disaster event.

The first eight events were used during the 2022 competitions and can be used for
parameter tuning during the 2023 edition. The evaluation set is composed of events from
009 to 018 (see Table 1).

Table 1. Description of CrisisFACTS events. Only the facts from 009 were evaluated in the
2023 edition.

Event ID Name Queries Texts Days

001 Lilac Wildfire 2017 52 51,015 9
002 Cranston Wildfire 2018 52 30,535 6
003 Holy Wildfire 2018 52 32,489 7
004 Hurricane Florence 2018 51 376,537 15
005 Maryland Flood 2018 48 41,770 4
006 Saddleridge Wildfire 2019 52 38,369 4
007 Hurricane Laura 2020 51 62,182 2
008 Hurricane Sally 2020 51 116,303 8

009 Beirut Explosion, 2020 56 468,178 7
010 Houston Explosion, 2020 56 72,530 7
011 Rutherford TN Floods, 2020 48 20,868 5
012 TN Derecho, 2020 49 79,688 7
013 Edenville Dam Fail, 2020 48 28,185 7
014 Hurricane Dorian, 2019 51 556,233 7
015 Kincade Wildfire, 2019 52 137,072 7
016 Easter Tornado Outbreak, 2020 51 131,954 5
017 Beirut Explosion, 2020 51 120,899 6
018 Tornado Outbreak, 2020 March 51 200,008 6

The dataset is also supplemented with queries (set Q) defining the information needs
of disaster-response stakeholders extracted from FEMA ICS 209 forms. As reported in the
problem statement, the set Q is optionally used. These queries capture what a responder
might consider important, such as emerging/approaching threats, risks from hazardous
materials, damage to key infrastructure, evacuations or emerging threats, statistics on
casualties or numbers missing, weather concerns, and restrictions on or availability of
resources. Some example queries and some related relevant documents are reported
in Table 2.

Table 2. Sample queries and relevant documents from the corpus.

Query Relevant Document

What roads are closed? Hwy 76 is closed both directions. . .

How many people have been injured? Two civilians are being treated for burn
injuries. . .

Where are wind speeds expected to
be high?

. . . San Diego County as winds gust to
75 mph.

As ground truths, two summaries for each event are provided:
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1. Wikipedia. It is the Wikipedia page for the given event, providing a high-level description.
2. NIST Summary. It is created by NIST assessors from the documents present in the

corpus. It is more detailed and tailored for the task.

It is important to note that the NIST summary is built directly from the corpus and
has no direct relation to the provided queries. They are constructed as guidance from the
FEMA form.

3.4. Framework

This section presents the Multi-Stage Crisis Retriever (MSCR) as depicted in Figure 2.
It comprises the preprocessing, topic filtering, and double retrieval pipeline, before the
final summary generation.

Preprocessing

Cleaning and 
Filtering

Topic Filtering

BERTopic and 
Filtering

Double-Step Retrieval

Step 1: Lexical Search
Step 2: Dense Retrieval

Summary Generation

Daily Summary 
from documents

Input Streams

Figure 2. At the end of each day, the streams are preprocessed (e.g., cleaning and duplicate removal).
Then, we filter topics relevant to the crisis using BERTopic before feeding the documents into a
cascade of lexical and dense searches. The selected documents are used to create the final summary.

3.5. Preprocessing

The corpus is preprocessed as shown in Figure 3. We started by sanitizing each
document. Since much of the data come from social networks, hashtags, emojis, and links
are prevalent in many texts, so we removed those characters and extra spaces. This helps
adapt general-purpose NLP models that were not created for such noisy texts. Sanitizing
the text also made similar texts that only differ in different links, emojis, and extra spaces
equal to each other.

The initial filter was done by removing duplicated documents, short texts (less than
two words), and documents that contain question marks. Short text documents were
removed because, in most cases (e.g., event 004 text: “Following. . . https:. . . ”), they do not
provide any important information or contain only the event’s name. Questions can be
considered uninformative since they do not provide a fact. For this research, we loosely
consider all documents containing a question mark as questions. Although an intent
model can be used, it is time-consuming in the initial phase, which involves thousands
of documents.

RemoveCorpus RemoveHashtags, Emojs,
Link, Extra Spaces RemoveDuplicates RemoveShort Texts Questions Cleaned

Figure 3. Preprocessing pipeline. Each text in the corpus is sanitized, and then duplicates, short texts,
and questions are removed.

3.6. Topic Filtering

Since the data are unfiltered, there can be unrelated documents for the event under
analysis. At this point, we would like to exclude all documents belonging to topics
unrelated to the crisis. To this end, we leverage BERTopic [40] as a topic modeling solution
to create clusters of documents using dense embeddings as shown in Figure 4. BERTopic
represents each cluster/topic through a set of representative keywords.

Each event in the dataset has a short description, so we extracted the keywords using
KeyBERT [41] and embedded them, and, finally, we compare these embeddings with the
ones of the representative keywords of each cluster. We select a topic only if its similarity
score with the short description is higher than the q-th percentile (i.e., 50) of all the scores
computed for all topics in the event-day dataset and higher than a predetermined threshold
(i.e., 0.5). For the Event 009, for example, we have the following description:
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On 4 August 2020, a large amount of ammonium nitrate stored at the port of
the city of Beirut, the capital of Lebanon, accidentally exploded, causing at least
180 deaths, 6000 injuries, US$10–15 billion in property damage, and leaving an
estimated 300,000 people homeless.

So we can select topics as seen in Table 3 from the Event 009. This way, we can remove
noise clusters, like the ones about fear, recommendations, and news updates. In contrast,
we can still retain information about the causes, general information, and ammonium
nitrate (linked to the explosion according to the description). This can also be exploited to
understand the topics during an event.

(a) Topics before filtering (b) Topics after filtering

Figure 4. Representation of document embeddings using UMAP grouped by topic by BERTopic
before and after the topic filtering. Each color represents a different topic.

Table 3. Example of topic selection for event 009. Topic describes the cluster with keywords obtained
from KeyBERT.

Topic Score (%) Selected

beirut explosion, beirut blast, beirut, beirut lebanon 75.00 ✓
tonnes ammonium nitrate, tons ammonium nitrate 67.34 ✓
cause explosion unknown, cause explosion unclear 62.43 ✓
news updates, page latest updates, latest updates 42.72 ✗
hope stay safe, hope okay safe, hope safe okay 43.71 ✗
really scary, damn scary, terrifying scary 44.64 ✗

3.7. Additional Queries

The dataset is supplemented with the set of queries Q that defines the basic information
needed for a disaster-response stakeholder and is extracted from the FEMA ICS 209 forms.
However, the queries in Q are general and lack strong relations with the event under
analysis. So, we reformulate the queries by adding more context (e.g., “Have railways
closed” becomes “Are railways disrupted or closed because of Hurricane?”). This task was
delegated to a language model using the following prompt:

I need to refactor some queries in order to better capture the information by adding more
context to them <LIST OF QUERIES>.

Another challenge related to the queries was their inability to cover all aspects of the
crisis event. To address this, we generated multiple candidate questions using a language
model. We split the set of queries into different groups based on the event type, and
we ended up with general and event-specific queries. Afterwards, for each group, we
generated additional queries using the following prompt:
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Can you analyze this list of queries and add at least 30 more that are related to the event
<EVENT TYPE/GENERAL QUERIES> but are not present in the following list? <LIST
OF QUERIES>

Subsequently, we manually selected the most fitting queries for each group, which
expanded the semantic coverage for a catastrophic event.

In total, we incorporated 20 general queries addressing broad concerns common to
crisis situations and 10 event-specific queries related to the characteristics of each particular
event. We limit the number of generated queries to avoid dealing with an overwhelming
number of them. The following are some examples of general queries (<EVENT> is replaced
dynamically based on the event):

• Are there any security risks or criminal activities occurring due to the <EVENT>?
• What medical services are available for affected individuals?
• Are ATMs and banks functioning after the <EVENT>?

The following are some examples of event-specific queries:

• Tornado: “Are there any reports of multiple tornadoes forming during the tornado?”
• Wildfire: “What weather conditions are affecting the wildfire’s spread?”
• Hurricane: “How far inland is flooding occurring due to the hurricane?”
• Flood: “Are any dams at risk of overflowing or failure due to the flood?”
• Storm: “How long is the storm expected to last?”
• Accident: “Has the air quality been affected by the accident?”

3.8. Multi Stage Retrieval

Hybrid retrievers combine the strengths of both lexical and dense search methods. In
our pipeline (Figure 5), these search methods are used sequentially: first, a lexical search
selects the top-n elements for each query, then the selected documents of all queries are
aggregated into a filtered corpus, and then a dense search further refines this selection to
the top-m elements (where n > m). Each search step comprises a retrieval step (i.e., BM25 or
Dense Retriever), followed by a cutoff and a light cross-encoder to rerank the documents,
followed by another cutoff, as shown in Figure 5. This way, we reduce the documents
we must deal with step by step. The reranker in lexical search ranks the most relevant
documents higher and prevents them from being excluded by the second cutoff of the
lexical search step. Hence, only the most relevant subset of documents returned by the first
phase is provided as input to the dense search.

In the lexical search step, after applying BM25, we selected the top 200 for each query.
This threshold was chosen based on empirical observation across development to balance
computational costs and performance. After the reranking, we select the top 60 documents
for each query to pass them to the next stage. This was done to balance the execution
time of the dense search step while maintaining a high recall in the final result. After the
lexical search, the filtered corpus aggregates 60 documents times the number of queries
in Q in the worst case (duplicates are removed). The dense retriever selects the top 200
(or the top 10% of the corpus size if it is less than 200). This conditional threshold ensures
scalability. Moreover, in a small data corpus, it prevents overfitting, while in a large corpus,
it ensures computational feasibility. After the final reranking, we keep only the top 10% of
the documents. This threshold was determined through ablation experiments to balance
retrieval precision and semantic diversity.
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Queries

Lexical Search

Top200BM25 Top60Reranker

Corpus

Filtered
Corpus

 Dense Search

Top200Crisis Dense
Retriever Top10%Reranker

60*|Q|

Selected

Figure 5. The corpus is initially filtered using BM25 and a general-purpose reranker. Then, a
crisis-specific model is used for dense retrieval, followed by a general-purpose reranker.

The reranking of the dense search is essential, as its score is used to construct the final
summary, which is detailed in the subsequent section.

This hybrid approach allows us to initially leverage a fast BM25 for broad filtering,
followed by a more precise reranking of a subset using a general-purpose cross-encoder. We
then employ a crisis-pre-trained model for dense retrieval and rerank a small document set.

While developing a robust reranker specifically for crisis-related documents is chal-
lenging, this method enables us to harness the strengths of both a general, powerful
reranker and a model with embeddings tailored to the task at hand.

3.9. Summary

To generate the final summary, we choose the highest-ranked 50% of the documents.
Then, we apply a similarity filter to reduce redundancy. If two documents have a cosine
similarity higher than 0.95, they are considered duplicates, and one is dropped. Each sum-
mary comprises a ranked list of facts. In our case, each fact is a maximum of 500 characters
and comprises up to the top 7 documents answering the same query. The importance score
of the fact is the mean of the documents.

4. Results
In this section, we present the experimental results. We first compare all the available

event results to the provided baseline and the other competitors.

4.1. Experimental Settings

We use CT-mBERT-SE [4] to create textual embeddings. BERTopic [40] employs
UMAP [42] for dimensionality reduction and HDBSCAN. The reranker is mxbai-rerank-
xsmall-v1 (https://huggingface.co/mixedbread-ai/mxbai-rerank-xsmall-v1 (accessed on
27 May 2025)). Only manual evaluation and the BERT score were reported in the original
paper [35], and this last metric was used to compare with other solutions. However, as
shown in Buntain et al. [35], the BERT score should be sufficient since it correlates well with
the other metrics (even the manual ones). We evaluate the experiments over three runs,
and we report the mean and standard deviation of the performance. Since competitors
do not provide code to reproduce the results, detailed results for each event, or multiple
runs, only the mean value is reported for each competitor (The reported values for the
competitors are the official results reported by the competition organizer.)

4.2. Comparative Results

In this section, we analyze the performance compared to other solutions using BERT-
Score, as done in the original paper [35].

https://huggingface.co/mixedbread-ai/mxbai-rerank-xsmall-v1
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4.2.1. Competitors

We evaluated the top two abstractive solutions presented at the competition (nm-gpt35
and llama 13b chat) and also the top two extractive solutions (FM-B and occams). The nm-
gpt35 approach [11] comprises BM25, followed by a reranker as a search engine. For each
query, the top-k documents are selected using the search engine, and then GPT-3.5 [7] is
prompted to aggregate the documents to select and rank the documents to produce a list of
facts. The llama 13b chat-based solution [12] is based on a search engine composed of BM25,
followed by a reranker. Then, a language model (Llama-13b [6]) is asked to provide the
answer for each query and the documents supporting the answer. Regarding the extractive
approaches, FM-B [37] employs REBEL [43] and ClausIE [44] for fact extraction, filters facts
using indicative terms, and ranks them using an integrated content-graph analysis. The
occams extract method [38] approaches extractive summarization as a weighted bounded
maximum coverage problem. This means it aims to select the most representative sentences
from a set of documents while adhering to a predefined summary length constraint. It uses
term weights to determine the importance of different terms in the documents.

4.2.2. Comment on the Results

Table 4 reports the BERT-Score results of the baseline proposed at the competition,
our approach, and the top two extractive (E) and the top two abstraction (A) solutions.
Looking at Table 4, the extractive solutions perform better than the baseline but still struggle
against abstractive solutions. Both extractive solutions get a similar score in both NIST
and Wikipedia, surpassing the baseline by +0.8 and +2.5 in terms of F1, respectively. llama
13b chat performs well in both cases (F1: +4.9 on NIST and +2.8 on Wiki compared to the
baseline), while nm-gpt35 performs a little worse than llama 13b chat. While using an
LLM-based abstraction approach seems appealing, it requires more resources and time than
extractive solutions. Additionally, as suggested by our proposal, a good retrieval system
is the key to not losing any relevant documents. Once lost, neither a language model can
recover them. An example of this can be seen when comparing nm-gpt35 with FMB or
occams extract. The extractive solutions perform better than the abstraction nm-gpt35 one.
Although simple, our solution (MSCR in Table 4) improves the performance in terms of
BERT-Score in both cases (R: +13 on NIST and +19 on Wiki compared to llama 13b chat)
without requiring any abstractive step. The lexical search used by our approach is fast and
effective in selecting a good candidate set of relevant documents, while the dense search
step allows refining the search and highlighting the most relevant documents from the
subset returned by the lexical search phase.

Table 4. BERT-Score. Comparison between baseline, top-2 abstractive (A) methods, top-2 extractive
(E) methods, and our approach (MSCR). The NIST column is associated with the results achieved
using the NIST-based summary as a ground truth. In contrast, the Wiki column is related to the
results obtained using the Wikipedia-based summary as a ground truth.

NIST Wiki

Run Type F1 P R F1 P R

baseline.v1 [35,36] E 59.11 58.95 59.33 50.84 47.58 54.82
FM-B [37] E 59.94 59.94 59.99 53.31 51.00 55.95
occams extract [38] E 59.99 59.55 60.48 53.31 48.94 55.45
nm-gpt35 [11] A 61.45 62.51 60.48 51.14 48.49 54.42
llama 13b chat [12] A 65.00 64.74 65.29 53.63 50.95 56.69

MSCR E 77.76 ± 2.54 76.71 ± 2.93 78.89 ± 2.58 72.69 ± 2.09 70.02 ± 3.19 75.64 ± 1.72

4.3. Ablation Study

In this section, we compare our multi-stage approach with two single-stage methods.
Specifically, we considered as competitors a single-stage approach based on the lexical
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search block only (Lexical) and another one based on the dense search one only (Dense). In
Table 5, we report the performance of the single-stage approaches and that of our multi-
stage approach. We also report the mean run time per event. Lexical is 10% faster than our
multi-stage approach. While the first stage of our solution is still based on the lexical block,
our approach can refine all the BERT-Score metrics using the second step. Specifically, the
higher recall confirms that our approach, compared to Lexical, can recover some missing
documents using the second step. The single-stage Dense approach is 5% slower than
our multi-stage approach (and 15% slower than Lexical). While it could be effective in
improving the final precision (P), the recall (R) remains practically invariant compared
to our solution. From this analysis, we can conclude that our multi-stage approach is
beneficial in this case, as it speeds up the search compared to the single-stage Dense
approach, maintaining the same quality in terms of Bert-Score and improving the ones of
the single-step lexical search only.

Table 5. Execution time and BERT-Score. Comparison between multi-stage and single-stage ap-
proaches. * indicates statistically significant difference with p < 0.05 compared to MSCR.

Search Mode Time (s)
NIST Wiki

F1 P R F1 P R

Lexical (single-stage) 913.50 ± 35.83 * 77.47 ± 3.56 * 76.54 ± 4.17 78.46 ± 3.22 * 72.62 ± 3.10 70.00 ± 4.15 75.52 ± 2.59
Dense (single-stage) 1091.89 ± 1.09 * 77.96 ± 2.57 76.83 ± 2.96 79.16 ± 2.68 72.66 ± 1.97 69.95 ± 3.05 75.67 ± 3.94

MSCR 1023.99 ± 4.16 77.76 ± 2.54 76.71 ± 2.93 78.89 ± 2.58 72.69 ± 2.09 70.02 ± 3.19 75.64 ± 1.72

4.4. Results at the Event Level

This section reports detailed information about the performance for each of the test
events using BERT-Score (see Table 6). The BERT-Score metrics are generally higher for the
NIST-based ground truth than for the Wikipedia-based one. This suggests that the model
performs better on NIST in terms of capturing semantic similarity between the generated
and reference summaries. This is expected since Wikipedia summaries are generic and not
built from the corpus [36]. The scores for NIST are relatively consistent across different
events, with F1 scores ranging from 76.19 to 81.72. This indicates stable performance across
various scenarios. In contrast, the Wikipedia-based results show more variability in precision.
Precision (P) and Recall (R) are balanced for NIST, with recall generally being slightly higher.
This suggests that the model is capturing most of the relevant information (high recall) while
maintaining good precision. Precision is generally lower than recall for Wikipedia, indicating
that the model might include some irrelevant information in the summaries.

Table 6. Comparison of NIST and Wiki BERTScore scores for different events. Wikipedia summaries
are missing for events 011 and 012.

Event NIST Wikipedia

F1 P R F1 P R

009 79.35 ± 1.37 77.10 ± 2.11 81.74 ± 0.65 73.30 ± 0.96 72.52 ± 1.40 74.09 ± 0.63
010 76.17 ± 2.00 74.63 ± 2.92 77.81 ± 1.09 72.72 ± 2.27 70.70 ± 3.06 74.88 ± 1.37
011 78.86 ± 1.05 79.02 ± 1.04 78.70 ± 1.12 — — —
012 78.52 ± 1.29 77.63 ± 2.01 79.43 ± 0.77 — — —
013 76.22 ± 1.61 75.17 ± 2.13 77.30 ± 1.06 68.67 ± 1.18 65.48 ± 1.51 72.19 ± 0.77
014 76.41 ± 0.51 78.41 ± 0.48 74.51 ± 0.67 75.93 ± 0.24 76.38 ± 0.34 75.48 ± 0.15
015 78.48 ± 0.48 78.30 ± 0.82 78.67 ± 0.14 73.39 ± 0.19 70.27 ± 0.50 76.80 ± 0.24
016 77.01 ± 0.82 74.85 ± 0.96 79.30 ± 0.72 72.44 ± 0.30 70.87 ± 0.50 74.08 ± 0.11
017 80.26 ± 0.38 78.22 ± 0.47 82.40 ± 0.28 71.04 ± 0.47 65.27 ± 0.53 77.95 ± 0.49
018 81.45 ± 0.79 80.96 ± 0.81 81.94 ± 0.78 74.32 ± 0.31 70.93 ± 0.48 78.06 ± 0.38

Mean 78.27 ± 1.71 77.43 ± 1.92 79.18 ± 2.29 72.73 ± 2.03 70.30 ± 3.38 75.44 ± 1.92
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5. Discussion
This section summarizes our findings, their impact on the sector, and their limitations.

5.1. Summary of Findings

The results demonstrate that our proposed multi-stage approach enhances the effec-
tiveness of information retrieval and summary generation when applied to streams of
crisis documents. Our multi-stage approach, which integrates traditional lexical methods
with modern dense retrieval techniques, outperformed existing solutions by achieving a
13% improvement in BERT-Score F1-Score. These findings underscore the framework’s
ability to efficiently retrieve relevant, non-redundant facts, which is crucial for timely
decision-making in crisis management.

5.2. Comparison with Existing Methods

Compared to existing solutions, our extractive methods proved effective without
requiring the aid of expensive LLMs, highlighting the need for a strong retriever before
trying to improve the quality of the final summary. Compared to a single-stage lexical-based
approach, our hybrid approach offers superior semantic understanding and recall, which
is essential for capturing the nuances of crisis-related information. While dense retrieval
models provide high accuracy, they often require substantial computational resources. Our
framework mitigates this by employing a sequential retrieval process, ensuring efficiency
and effectiveness. This balance is particularly beneficial in real-time crisis scenarios where
rapid information processing is paramount.

5.3. Impact on Crisis Management

Swiftly and accurately retrieving relevant information is critical in crisis management,
where decisions can significantly impact outcomes, including life-saving measures. Our
framework’s enhanced retrieval and summarization capabilities can support emergency
responders by providing timely access to precise information, aiding resource alloca-
tion, coordinating rescue efforts, and public communication. By reducing misinforma-
tion and redundancy, our approach helps make informed decisions, improving crisis
response effectiveness.

5.4. Challenges and Limitations

Although the framework optimizes resource usage by combining lexical and dense
search methods, the dense search component still requires substantial computational
power. This can be a limitation in resource-constrained environments, such as areas
with limited infrastructure during a crisis. While the framework improves search speed,
real-time processing of large-scale data during rapidly evolving crisis situations remains
challenging. As highlighted before, the preprocessing steps, including sanitization and
filtering, might not capture all nuances of the data, potentially leading to the loss of some
relevant information. The framework leverages pre-trained models. The performance and
availability of these models can affect the overall effectiveness of the framework.

6. Conclusions
In conclusion, this paper presents a robust and scalable solution for information re-

trieval and summarization during crisis events. By leveraging a multi-stage approach,
we have demonstrated better retrieval and summarization accuracy and good speed per-
formance, which are critical for effective crisis management. In future work, integrating
abstractive models into the retrieval pipeline could enhance the quality of summaries
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generated from retrieved information. Exploring more efficient reranking mechanisms and
refining the topic-filtering process could also improve the framework’s performance.
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