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Abstract
This paper proposes CrisisCL, a domain incremental learning benchmark for crisis management. Based on previous
crisis management protocols, it improves consistency by allowing continual learning (CL) of new crises. A set of
experiments have been conducted on multilingual datasets relying on continual learning methods and transformers to
improve performance and ensure model generalization. Results reveal that regularization methods are more effective
on large, coherent domains, whereas replay strategies struggle under constrained memory. Additional experimental
protocols further expose the limitations of current CL methods when generalizing to unforeseen crisis events.
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1. Introduction

Natural disasters and humanitarian crises unfold
suddenly generate an urgent need for timely and
structured information. Social media platforms, par-
ticularly X (ex-Twitter), have emerged as de facto
"social sensors" (Alam et al., 2021), providing real-
time insights within minutes of an event. Yet these
data streams are vast, noisy, and highly dynamic:
only a small fraction of posts is relevant to respon-
ders, and the language used shifts dramatically
across different types of crises, regions, and time.
Traditional NLP pipelines are typically trained once
using given data and then frozen. This static ap-
proach faces two main challenges: concept drift,
which involves the evolution of linguistic patterns
over time, and task evolution, which pertains to
the emergence of new label categories. Fine-
tuning, risks catastrophic forgetting or re-training
from scratch is often impossible due to constraints
such as data scarcity, privacy concerns, or limited
time.

Continual Learning (CL) offers a promising al-
ternative by enabling models to learn incremen-
tally without forgetting past knowledge (Ke and Liu,
2022). While extensively studied in computer vi-
sion (Van de Ven and Tolias, 2019), CL remains
underexplored in NLP—particularly in crisis man-
agement settings. Existing studies often focus on
single tasks or datasets, and to the best of our
knowledge, no standard benchmark currently eval-
uates CL methods on multilingual, real-world crisis
data (Bourgon et al., 2022; Priyanshu et al., 2021).

In this paper, we focus on adapting and evaluat-
ing continual learning techniques for multilingual
crisis tweet classification. In this context, our con-
tributions are:

• A new benchmark, CrisisCL, for Domain-
Incremental Learning (DIL) inspired by state-
of the art crisis management out-of-type ex-
perimental scenario (Kersten et al., 2019; Al-
giriyage et al., 2021; Bourgon et al., 2022). Un-
like Class-Incremental Learning (CIL), which
introduces new label categories over time, the
DIL setting assumes a fixed label space and
models changes in the input distribution — e.g.
a model trained on one crisis (e.g., flood) must
adapt to another one (e.g., wildfire).

• The implementation and evaluation of several
classical continual learning methods on multi-
ple datasets for crisis management and differ-
ent languages.

In the following, Section 2 summarizes the re-
lated work. Sections 3 and 4 respectively present
the CrisisCL benchmark as well as the experimen-
tal settings. Section 5 presents our results. Finally,
we conclude drawing some perspectives for future
work.

2. Related Work

2.1. NLP for Crisis Management
In crisis situations, real-time textual information can
come from the emergency services (Otal and Can-
baz, 2024) but also from social media (Reuter et al.,
2018) (e.g., more than one million tweets posted
during 2023 Turkey–Syria earthquakes (Toraman
et al., 2023)). In order to collect, extract or sum-
marize this information, NLP-based crisis manage-
ment has become a hot research topic in text clas-
sification where posted messages are classified
into different categories, named entity recognition
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to detect location mention that helps geolocalise in-
formation needs (Suwaileh et al., 2023), and event
detection (Rajaby et al., 2022).

Text-based classifiers are mainly trained in a su-
pervised way with either traditional feature-based
learning algorithms (Li et al., 2018; Kaufhold et al.,
2020; Alam et al., 2021) or deep learning architec-
tures (Caragea et al., 2016; Castillo, 2016; Nep-
palli et al., 2018; Kersten et al., 2019; Kozlowski
et al., 2020; Chowdhury et al., 2020; Liu et al., 2021;
Wang et al., 2021; Dusart et al., 2021). More recent
work use generative AI (Otal and Canbaz, 2024)
or combine several modalities to improve urgency
classification (Alam et al., 2018).

While de Bruijn et al. (2020) focus on one cri-
sis such as flood, dealing with different crises is
a more challenging task. Recent work focus on
multiple crises with multi-crises datasets such as
TREC-IS (McCreadie et al., 2019), CrisisFACTS
(McCreadie and Buntain, 2023) and CrisisTS (Meu-
nier et al., 2025), with three main tasks: (1) related-
ness (Is a message useful/relevant for emergency
departments?), (2) urgency (Is a message urgent
for emergency departments? Possibly what is the
urgency degree?), and (3) humanitarian categories
(damage reports, warnings, critics, etc.). Overall,
results show that humanitarian categories detection
is the most challenging task due to the extremely
imbalanced nature of crisis datasets.

2.2. Continual Learning
Continual Learning is about ensuring that a model
is able to learn new tasks without forgetting older
ones (Wang et al., 2024). In traditional training,
there are numerous datasets on which the model
can train. However, in some scenario, the data can
evolve (e.g. new language expression) or occur
requiring training on new data without forgetting
information from previous training.

2.2.1. Continual Learning Scenarios

Continual learning represents all the methods used
to mitigate forgetting from previous training. In or-
der to create a simulation of this condition, several
scenarios have been created:

• Instance-Incremental Learning (IIL)
(Beringer and Hüllermeier, 2007; Zhang
et al., 2011): All training samples belong to
the same task and arrive in batches so the
model learns from each training example as it
arrives.

• Domain-Incremental Learning (DIL)
(Acharya et al., 2020): In this scenario, tasks
have the same data label space but different
input distributions. Task identities are not
required.

• Task-Incremental Learning (TIL) (De Lange
et al., 2021): Tasks have disjoint data label
spaces. Task identities are provided in both
training and testing.

• Class-Incremental Learning (CIL) (Mai et al.,
2022): Such as TIL, tasks have disjoint data
label spaces. However task identities are only
provided in training.

• Task-Free Continual Learning (TFCL)
(Aljundi et al., 2019b): Here, tasks also have
disjoint data label spaces but task identities
are not provided in either training nor testing.

• Online Continual Learning (OCL) (Aljundi
et al., 2019c): In this scenario, training sam-
ples for each task arrive as a one-pass data
stream. The tasks have still disjoint data label
spaces.

• Blurred Boundary Continual Learning
(BBCL) (Bang et al., 2022): This scenario is
used when there is incertitude in the definition
of the multiple tasks. Here, task boundaries
are blurred, characterized by distinct but over-
lapping data label spaces.

2.2.2. Regularization-based Approaches

The previous scenarios help to simulate continual
learning so that models do not forget information
from previous training. There are three main ap-
proaches to prevent forgetting.

Weights Regularization. It consists in adding
a penalty term to the loss function in order not to
forget the older task (Kozal et al., 2024). For ex-
ample, the Elastic Weights Consolidation (EWC)
(Kirkpatrick et al., 2017) method estimates the im-
portance of network weights using the Fisher Infor-
mation matrix and penalizes deviations from their
previous values during training on a new task. The
Synaptic Intelligence method (SI) (Zenke et al.,
2017) is motivated by the observation that parame-
ters contributing significantly to reducing the loss
on previous tasks should be preserved. Unlike
methods such as EWC which estimate weight im-
portance after training, SI computes weight impor-
tance online throughout training, without requiring
additional passes or storage of task-specific data.
Finally, Memory Aware Synapses (Aljundi et al.,
2018) is a method used to handle unlabeled data.
Therefore, only the model and the different gradi-
ents are needed. Moreover, this method also han-
dles online learning as the samples can be easily
added over time.
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Loss Function Regularization. Other methods
try to regularize the loss function. It can be
achieved via knowledge distillation or Bayesian in-
ference. For example, Li and Hoiem (2017) pro-
posed a method called Learning Without Forgetting
which incorporates knowledge distillation to train
the network on new tasks while preserving the out-
put probabilities of the previous tasks. One of the
most important function regularization method is
iCaRL (Rebuffi et al., 2017) (Incremental Classi-
fier and Representation Learning) which addresses
class-incremental learning by combining prototype-
based classification, exemplar management, and
representation learning with distillation.

Replay-Based Approach. This method aims to
mitigate catastrophic forgetting by approximating
or recovering old data distributions. This is done
by replaying previously seen data or their proxies
when learning new tasks. Gradient of Episodic
Memory (GEM)(Lopez-Paz and Ranzato, 2022), a
method where each task t has an episodic memory
Mt that stores a subset of examples from that task.
The loss over the memory of a past task k is defined
as:

ℓ(fθ,Mk) =
1

|Mk|
∑

(xi,yi)∈Mk

ℓ(fθ(xi, k), yi).

At each training step, GEM minimizes the loss
on the current sample (x, t, y), while constraining
the loss on previous tasks not to increase:

min
θ

ℓ(fθ(x, t), y)

subject to ℓ(fθ,Mk) ≤ ℓ(f t−1
θ ,Mk), ∀k < t.

Unlike methods that rely on storing and replaying
actual data, Deep Generative Replay (DGR) frame-
work (Shin et al., 2017) allows sequential learning
on multiple tasks by generating and rehearsing fake
data that mimics former training examples. FearNet
(Kemker and Kanan, 2017) follows the proposition
of DGR with a dual-memory incremental learning
framework.

2.3. Continual Learning in NLP
While early research on CL primarily focused on
image classification tasks in Computer Vision (Li
and Hoiem, 2017), with the introduction of gener-
ative AI such as GPT-4 (OpenAI et al., 2024), CL
has become a very important part of NLP. Indeed,
such models fundamentally depend on large-scale
generative pre-training and aligning with human
insights. Nevertheless, this method is intrinsically
dynamic given the constant evolution of languages,
data distributions, and user needs. Finally, it is
difficult to foresee every potential future scenario
in advance, highlighting the necessity for models

to exhibit CL abilities akin to humans to effectively
handle real-world situations (Zhou, 2022).

Some previous work on CL in NLP include
LAMOL (Sun et al., 2019), which proposes a
pseudo-replay-based approach learning down-
stream tasks. It also learns to generate training
data for downstream tasks simultaneously. CL is
also used for example in machine translation tasks
(Berard, 2021; Chuang et al., 2020). More recently,
Satapara and Srijith (2024) proposed a benchmark
that combines incremental task learning and incre-
mental multilingual learning.

Most approaches apply CL to address model
portability across tasks and languages, overlooking
how models can deal with domain shift. Recently,
Jain et al. (2025) proposed a domain incremental
learning approach to detect the dynamic evolution
of specific vocabulary across various domains such
as business, sports and technology. Besides an
analysis of vocabulary change, they do not experi-
mentally show how this change may impact model
performances on a specific domain. Our work goes
one step further by proposing the first benchmark
for domain incremental learning for crisis manage-
ment and a set of CL scenarios to measure the
portability of urgency detection models when deal-
ing with unseen crises.

3. CrisisCL: A Domain Incremental
Learning Benchmark

In crisis management, one of the main challenge
is to evaluate models in an out-of-type protocol
(Kersten et al., 2019; Algiriyage et al., 2021; Bour-
gon et al., 2022): it consists in the average of n
runs, each run with n − 1 crisis types for training
and the remaining crisis type for testing. It aims to
evaluate if a model can deal with new types of cri-
sis. This task is especially challenging since each
type of crisis can have its own lexicon and even
its own distribution (e.g. a sudden crisis such as
an earthquake will have less tweets about Advice
or Warning than a hurricane for which its impact
can be predicted several days before) (Meunier
et al., 2025). Therefore, in a real life scenario, if the
model faces a new type of crisis, the performance
can drop significantly, even on previous crises (for
example, Meunier et al. (2025) observed a drop in
F1-score between 3 point and 7 points).

This scenario fits in a Domain-Incremental Learn-
ing (DIL) setting, where the data is partitioned into
distinct domains and each domain corresponds
to a specific crisis type (e.g., flood, earthquake,
wildfire...). Each domain contains its own train-
ing and test set. Unlike Task-Incremental Learn-
ing, the output space remains unchanged across
all domains. However, the input distribution shifts
between domains due to the specific vocabulary,
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linguistic patterns, and contextual cues inherent
to each crisis type. The model must thus learn
to generalize across domains without explicit task
identifiers and without access to previous domain
data during training. In the following sections, we
present the different datasets used to design an
DIL framework.

3.1. Datasets
We built our continual learning benchmark for cri-
sis management on different existing datasets in
French and English:

• Kozlowski (Kozlowski et al., 2020) : It is the
largest corpus of French tweets annotated for
crisis and augmented later on by Bourgon et al.
(2022). It is composed of 7 types of crisis (Fire,
Flood, Storm, Hurricane, Collapse, Explosion,
Attack) with several crises which occurred in
France such as Notre-Dame fire or flood in the
Aude region. It contains tweets, collected 24h
before, during (48h) and up to 72h after the
crisis, manually annotated for three urgency
categories as well as 6 intent to act categories
(similar to humanitarian categories): (1) Ur-
gent that applies to messages mentioning Hu-
man/Material damages as well as security
instructions (Advice-Warning) to limit these
damages during crisis events, (2) Not urgent
that groups Support messages to the victims,
Critics or any Other messages that do not
have an immediate impact but contribute in
raising situational awareness, and finally (3)
Not useful for messages that are not related
to the targeted crisis.

• HumAID (Alam et al., 2021): It is one of the
largest publicly available Twitter corpus anno-
tated for humanitarian information extraction.
Starting from a pool of 24M tweets gathered
during 19 major disasters that occurred be-
tween 2016 and 2019 including hurricanes,
earthquakes, wildfires and floods. A stratified
sampling step then yielded 77K English tweets
that are likely to originate from the disaster-
hit areas. Each tweet is manually labeled
via Amazon Mechanical Turk with one of 11
humanitarian categories reflecting critical in-
formation needs (e.g., Caution&Advice, Re-
quests or Urgent Needs, Infrastructure Dam-
age, Sympathy&Support, etc.).

In order to have parallel French–English datasets
and to better compare the results obtained on both
datasets, we created the Urgent, Not Urgent and
Not Useful labels for HumAID by mapping the
French and English humanitarian labels. Detailed
distributions of Kozlowski and HumAID datasets
are presented in Table 1 and Table 2 respectively.

3.2. Consistent Sampling of Data
3.2.1. Training et testing splits

As both datasets have different size and distribution,
we used different sampling methods to build the
different training and testing sets:

• Kozlowski splits: Because the French
dataset is smaller, we built three disjoint test
sets for finer-grained evaluation. Each test set
isolates exactly one event per crisis type, while
the remaining tweets form the shared training
pool.1 Due to a lack of data, Attack and Explo-
sion were removed as they hardly contain 100
annotated tweets.

– All crisis: Flood (Aude, Corsica, "Other"),
Storm (Corsica, Beryl-Guadeloupe,
Bruno, Egon, Eleanor, Bregitta, Susanna,
Ulrika) Hurricane (Irma, Harvey, Fire
(Notre Dame, Lande) Terrorist attack
(Trèbes), Collapse (Marseilles, Lille),
Explosion (Sanary, Lubrizol).

– Test Set 1: Flood in Aude, Storm in Beryl-
Guadeloupe, Collapse in Lille and Hurri-
cane Harvey.

– Test Set 2: Flood in Corsica, Storm in Cor-
sica, Collapse in Marseilles and Hurricane
Harvey

– Test Set 3: Flood "Other", Storm Egon,
Collapse in Lille and Hurricane Irma

• HumAID split: As the HumAID dataset is
much larger and in order to get comparable
results, we decided to sample the training set
to contain at most 2,000 tweets per crisis type,
chosen from one representative event for that
type; the rest constitutes the test set. By test-
ing different random sampling, we noticed that
the results do not change significantly, there-
fore we decided to keep only one sampling:

– Train Set: 2016 Wildfire in Canada, 2018
Hurricane in Florence, 2016 Earthquake
in Kaikoura, and 2019 Flood in Mid west-
ern US

– Test set: 2016 Ecuador Earthquake,
2016 Italy Earthquake, 2016 Hurricane
Matthew, 2017 Sri Lanka Floods, 2017
Hurricane Harvey, 2017 Hurricane Irma,
2017 Hurricane Maria, 2017 Mexico Earth-
quake, 2018 Maryland Floods, 2018
Greece Wildfires, 2018 Kerala Floods,
2018 California Wildfires, 2019 Cyclone
Idai, 2019 Hurricane Dorian, 2019 Pak-
istan Earthquake

1For a test set i, all crises that are not in test set belong
to the train set
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Crisis Urgent Not Urgent Not
(# events / # tweets) Adv_Warn Hmn-Dmg Mat-Dmg Critics Support Other Useful

Not Sudden (13 crises / 11,513 tweets) Not Crisis
Flood (3 / 4,190) 493 108 280 58 244 481 2,526
Storm (8 / 5,762) 716 52 142 13 22 147 4,670
Hurricane (2 / 2,160) 199 57 57 29 200 200 1,418

Sudden (7 crises / 3,855 tweets) Not Crisis
Fire (2 / 2,443) 50 23 93 166 340 379 1,392
Attack (1 / 45) 0 3 0 2 38 0 2
Collapse (2 / 1,269) 11 63 38 51 23 136 947
Explosion (2 / 56) 0 1 3 0 52 0 0
Total (20 / 15,368) 1,469 307 613 319 1,119 1,343 10,955

Table 1: Distribution of textual data in Kozlowski dataset.

Crisis Urgent Not Urgent Not
(# events / # tweets) Adv_Warn Evac Mat-Dmg Hmn-Dmg Urg_Needs Other Help Support Useful

Not Sudden (7 crises / 33,233 tweets) Not Crisis
Flood (3 / 10,424) 246 56 453 409 670 1,284 5,401 1,040 865
Hurricane (4 / 22,809) 2,935 1,608 2,740 883 997 3,976 4,768 2,622 2,280

Sudden (4 crises / 18,371 tweets) Not Crisis
Fire (2 / 9,439) 245 748 673 1,946 99 1,349 2,349 633 1,397
Earthquake (2 / 8,932) 629 87 728 1,489 225 707 2,049 2,520 498
Total (14 / 51,604) 4,055 2,499 4,594 4,727 1,991 7,316 14,567 6,815 5,040

Table 2: Distribution of textual data in HumAID dataset.

After this step, both datasets provide: (i) a con-
tinual learning training set composed of 4 crisis
types, (ii) a unified three-task classification set of
labels, and (iii) train/test partitions tailored to our
continual-learning protocols.

3.2.2. Domain order

As we can see in Tables 1 and 2, crisis types are
imbalanced. Indeed, in Kozlowski dataset, 8.25%
of the tweets belongs to crisis type Collapse and
37.49% to Storm. This means that regarding which
crisis type is in the train set, we can have a huge
difference in training size. Moreover, in HumAID,
even if we flatten the number of tweets per crisis,
the distribution of the labels between crises is re-
ally different with 3.8 % of hurricane tweets that are
labeled as Human Damage while in fire, there is
20.61% of Human Damage. Therefore, each do-
main (or crisis type) has different quality and brings
different information. Thus, the final performance
of the model may change depending on the crisis
order during training. Therefore, we propose a pro-
tocol where all the crisis types order are considered.
Let C = {c1, c2, c3, c4} be the four crisis types of
the training set (sorted alphabetically). For each
train–test split we create four rotating testing order:

• Order 1: c1 →c2 →c3 →c4,

• Order 2: c2 →c3 →c4 →c1,

• Order 3: c3 →c4 →c1 →c2,

• Order 4: c4 →c1 →c2 →c3,

so that every crisis type occupies each temporal
position exactly once, mitigating order bias. For Hu-
mAID, as there is a single split, every CL method
is trained on the four orders (four CL runs), and
this process was repeated 4 times in order to re-
duce randomness, giving 4 × 4 = 16 CL runs. For
Kozlowski dataset, as we already use three inde-
pendent splits to reduce randomness, we only do
the whole process 3 times giving 3 × 4 × 3 = 36 CL
runs per method. The results are the average over
these runs.

4. Experimental Settings

The experimental settings reflect practical deploy-
ment challenges in crisis management, where a
system trained on past crises must be adapted to
new, unseen events without forgetting prior knowl-
edge. After each training step on domain Di, we
evaluate the model on all previously seen domains
(D1 to Di) using the F1-Macro score for each do-
main (see Algorithm 1).

4.1. Continual Learning Protocol (CLP)
In order to evaluate our benchmark, we rely on
several state of the art continual learning methods,
focusing on those widely used for domain incre-
mental learning for NLP (Michieli and Ozay, 2024;
Wang et al., 2022):

• Weights Regularization approaches:

– Elastic Weight Consolidation (EWC):
Introduced by Kirkpatrick et al. (2017),
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Algorithm 1: CrisisCL Procedure
Input: Crisis datasets D1, ..., DD, each

corresponding to a domain
Output: Mean F1-Macro scores F1i,j with

1 ≤ i ≤ D, 1 ≤ j ≤ i
1 for i = 1 to D do
2 Train model θ on Dtrain

i

3 for j = 1 to i do
4 Evaluate model on Dtest

j and
compute F1-macro F1i,j

EWC is a regularization-based approach
that avoids catastrophic forgetting by lim-
iting the learning of critical parameters for
previous domains. This method uses the
Fisher information matrix to calculate the
importance of each parameter.

– Synaptic Intelligence (SI): Proposed
by Zenke et al. (2017) and motivated
by the observation that parameters con-
tributing significantly to reducing the loss
on previous tasks should be preserved,
SI computes importance online through-
out training, without requiring additional
passes or storage of task-specific data.

– Memory-Aware Synapses (MAS)
(Aljundi et al., 2018) is used to handle un-
labeled data. It computes the importance
of the parameters of a neural network in
an unsupervised and online manner.

• Replay-based approaches:

– Average GEM (A-GEM): Introduced by
Chaudhry et al. (2019), it is an optimized
version of Gradient Episodic Memory. It
tries to ensure that at every training step,
the average episodic memory loss over
the previous tasks does not increase.

– Naive Experience Replay (NER)
(Aljundi et al., 2019a): this replay-based
method stores a subset of representative
examples from previous tasks and use
them to augment the data in the incoming
batch.

In addition, we consider as baselines: (1) the
Vanilla Sequential Finetuning (i.e. no Continual
Learning method) which offers a naive lower bound,
as it is prone to Catastrophic Forgetting; and (2) the
Cumulative baseline which is the best scenario
model that stores all the data every time a new
dataset is available (it is considered as the best
case scenario and is used as an upper bound).

4.2. Models
We evaluate the following models on the previous
benchmarks and continual learning protocols. The
models were trained in a multitask configuration
with one classification head per task (utility, urgency
and humanitarian):

- FlauBERTFineTuned_3Tasks: It is a FlauBERT
model (Le et al., 2020) that has been fine-tuned on
358,834 unlabelled tweets posted during crises. It
is reported to be the best performing model for in-
tent classification on the French Koslowski dataset
(Meunier et al., 2023). We use it on the French
dataset.

- RoBERTa3Tasks This is a baseline model for the
English dataset as it is reported to be efficient for
crisis management in English (Koshy and Elango,
2023; Rocca et al., 2023; Madichetty et al., 2023).

All models are optimized with Adam (β1 = 0.9,
β2 = 0.999). Algorithm-specific hyper-parameters
(memory size, regularization strength, etc.) are
summarized in Table 3 and were tuned on a training
split for each dataset with a classic grid search.

4.3. Computing Infrastructure
In order to improve the reproducibility of the experi-
ments, and as some methods of continual learning
such as A-GEM are sensitive to memory sizes,
we describe here the computing infrastructure we
used: Google Colab with an A100 GPU with 40GB
of RAM.

4.4. Metrics
In continual learning, several metrics are commonly
used to evaluate model performance over a se-
quence of domains. Let ai,j be the F1-score after
training on domain i, testing on domain j and T
the total number of domains. The following met-
rics provides a comprehensive view of a model’s
ability to retain, transfer, and adapt knowledge in a
sequential learning setting:

• Average Incremental Score (AIS) is a
straightforward metric that evaluates the
model’s overall performance:

AIS = 1
T

∑T
i=1

1
i

∑j
j=1 iai,j

As we use F1-score as initial score, the AIS
ranges from 0 (worst performance) to 100 (best
performance).

• Backward Transfer (BWT) measures how
learning new domains influences performance
on previously learned domains. A positive
BWT indicates that new learning improves
past knowledge, while a negative BWT
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CLP Hyperparameter Grid Search Learning rate Batch size Epochs
EWC λ = 100 [1, 5, 10, 100, 200, 500]

2e−5 64 3
SI λ = 0.5 [0.1, 0.5, 1, 10]

MAS λ = 200 [10, 100, 200, 300]
A-GEM M = 200 None

NER M = 200 None

Table 3: Model hyper-parameters for RoBERTa3Tasks and FlauBERTFineTuned_3Tasks.

indicates catastrophic forgetting:

BWT = 1
T−1

∑T−1
i=1 (aT,i − ai,j)

The objective is to maximize BWT.

• Forgetting Measure (FM) pictures how much
the model forgets its maximum performance
seen on each domain. A positive FM means
catastrophic forgetting while negative FM
indicates strong knowledge transfer:

FM = 1
T−1

∑T−1
i=1 (max1≤j≤T−1(aj,i)− aT,i)

In this case, the objective is to minimize FM.

• LAST score indicates the model’s last perfor-
mances:
LAST = 1

T sumT−1
i=1 aT,i

As we use F1-score as initial score, the LAST
score ranges from 0 (worst performance) to
100 (best performance).

Among these measures, two performance met-
rics, AIS and LAST, show respectively how the
model performs during all the process and how
a model performs once it reaches its final state.
Both transfer knowledge indicators, BWT and FM,
represent respectively how much the model is ef-
ficient compared to previous steps and how many
points of F1-score are lost against the best step
among all previous steps.

5. Results

5.1. Continual Learning vs. Baselines
Tables 4 and 5 present the results on the French
and English datasets respectively. The best results
for each type of method are in bold and the best
result for each metric is underlined.

For Kozlowski dataset, the upper limit of the cu-
mulative baseline remains unrivaled on the three
classification tasks, reaching the best LAST, the
only negative FM (i.e. virtually no forgetting) and
the highest positive BWT. Thus, this baseline model
is the most efficient model at the last step, learns

the most from previous steps and forgets less. How-
ever, regularization methods (EWC, SI, MAS) im-
prove upon vanilla fine-tuning in FM (2.35, 2.48,
2.94 vs. 3.36) which means that continual learning
methods forget less information than no continual
learning protocol. MAS even outperfoms cumu-
lative on AIS, meaning that even if at the end a
cumulative method outperforms all continual learn-
ing protocols, at early stages, continual learning,
especially MAS, manages to get the best results.
Replay-based baselines (NER, A-GEM) perform
less on LAST (47.94 for best replay method and
48.28 for best regularization method), nor reduce
forgetting substantially (FM 2.19 vs 2.35 for regu-
larization, which is only a gain of 0.26).

On HumAID dataset, the best regularization
method (EWC) surpasses the cumulative method
on almost every axis. EWC attains the high-
est LAST for all tasks (64.23, 73.92, 75.70) and
displays the most negative FM (-2.50, -1.43, -
0.44), signaling effective forgetting mitigation. MAS
shows a similar trend, with the strongest positive
BWT on humanitarian and utility tasks. The hu-
manitarian task being more complex for English
(9 labels vs. 7 labels for French) with a highly im-
balanced dataset, a continual learning protocol will
learn from the most frequent labels (e.g for flood,
Help, Other and Support) and will freeze these
important weights to not forget how to handle these
labels while learning the representative labels of
new crisis types (e.g. Human Damage for fire).
Once again, replay methods perform less than reg-
ularization approaches. Indeed according to recent
CL surveys (Wang et al., 2024), replay baselines
are better (and consume more resources) with a
higher number of domains while regularization ben-
efits from close domains as they can easily pro-
tect the most important parameters. Our findings
corroborate these ideas: when domains are small
and topically related, regularization-based meth-
ods can exploit shared knowledge from different
domains while protecting critical weights, outper-
forming naive fine-tuning.

5.2. Impact of Crisis Types

As continual learning were less efficient on Ko-
zlowski dataset, we conducted an additional ex-
periment with EWC in order to identify which type
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Type CLP Humanitarian Urgency Utility
AIS LAST FM BWT AIS LAST FM BWT AIS LAST FM BWT

Baselines Cumulative 46.69 50.36 -1.28 7.39 64.39 66.48 -0.27 4.27 77.61 78.75 0.78 2.04
Vanilla 47.12 47.97 3.36 2.11 63.78 64.21 2.80 0.41 77.76 77.85 2.51 0.17

Regularization
EWC 46.38 47.13 2.94 2.59 64.56 64.95 2.86 1.02 78.04 78.51 2.03 0.51
SI 47.08 48.12 2.35 2.34 64.27 64.87 2.97 0.64 77.77 77.95 2.53 0.17
MAS 47.25 48.28 2.48 2.34 63.71 64.32 3.24 0.74 78.16 78.50 1.75 0.42

Replay NER 46.93 47.94 2.19 3.77 64.23 64.74 2.91 1.74 77.62 77.81 1.86 0.04
A-GEM 44.77 45.61 3.23 3.10 62.05 62.40 3.25 1.21 75.92 76.14 2.81 0.46

Table 4: Results for Kozlowski dataset with FlauBERTFineTuned_3Tasks on humanitarian, urgency and
utility tasks.

Type CLP Humanitarian Urgency Utility
AIS LAST FM BWT AIS LAST FM BWT AIS LAST FM BWT

Baselines Cumulative 61.67 64.10 -1.31 7.83 71.26 73.02 -0.37 4.79 73.90 74.67 0.56 2.00
Vanilla 59.40 62.20 -1.47 7.93 70.37 71.92 -0.20 4.77 73.41 73.69 1.44 2.02

Regularization
EWC 60.63 64.23 -2.50 9.21 71.76 73.92 -1.43 5.67 74.71 75.70 -0.44 3.19
SI 60.35 63.44 -1.55 8.55 71.23 72.93 -0.16 4.84 73.89 74.22 1.14 2.67
MAS 60.13 64.02 -3.02 9.53 71.35 73.57 -1.27 6.04 74.53 75.63 -0.27 3.37

Replay NER 61.91 64.09 -0.97 7.34 71.57 72.95 -0.33 4.26 74.39 74.69 0.64 1.91
A-GEM 61.44 63.44 -0.58 7.13 71.03 72.49 -0.07 5.32 74.27 74.55 0.58 2.55

Table 5: Results for HumAID dataset wit RoBERTa_3Tasks on humanitarian, urgency and utility tasks.

of crisis has an impact on the performance. For this
purpose, we rely on previous work from Meunier
et al. (2025) showing that sudden crises (crises
which can hardly be predicted, e.g. earthquake,
fire) are more difficult to deal with than expected
crises (crises which can be meteorologically pre-
dicted, e.g. flood, hurricane).

Thus, we designed a CL protocol, called Sudden-
Expected, with EWC for 2 experiments: training on
2 expected (resp. sudden) crisis types and testing
on 1 sudden (resp. expected) crisis type, in order to
have sudden and expected data with comparable
size (see Table 1). We used AIS as an evaluation
score. Then, we evaluate the impact of crisis types
on the performance by computing for each tested
crisis type the difference between the AIS score ob-
tained via the CrisisCL protocol and the AIS score
obtained via the Sudden-Expected protocol. In-
deed, a low or negative difference means that the
Sudden-Expected protocol has better results and
that the model heavily relies on the crisis types
used for training. On the contrary, a positive differ-
ence means that the CrisisCL protocol has better
results and that the crisis types used for training
do not bring enough information to deal with a new
type of crisis. The results are presented in Table 6.

We observe that for all expected crises, there is
a huge drop of performance on the 3 tasks when
using the Sudden-Expected protocol (positive dif-
ference). Concerning sudden crises, the drop is
low for Fire, due to a fuzzy crisis type covering
different event types with different characteristics
such as wildfire, structure fire, etc. Moreover, al-
though crisis types such as flood, hurricanes and
storm share specific characteristics (water related
damages, predictability, large scale crises) and sim-
ilar vocabulary, the vocabulary is different for Fire.

Crisis Humanitarian Urgency Utility
Expected

Hurricane 22.0 21.1 12.6
Storms 26.5 23.5 20
Flood 23.8 20.7 7.6

Sudden
Fire 2.9 2.85 3.79

Collapse 0.01 -2.55 -5.31

Table 6: Difference between AIS obtained by Cri-
sisCL and Sudden-Expected with EWC on Ko-
zlowski dataset.

When the model is trained on these crisis types,
while continual learning method try to prevent for-
getting of fire crisis, the amount of data tend to pri-
oritize flood, storm and hurricane. The only crisis
which benefits from the Sudden-Expected proto-
col is Collapse. This is due to a shared vocabulary
with expected crises (e.g. the following tweet about
Irma hurricane relating a building collapse: #Irma
has caused #BVI infrastructure to collapse more
support is needed from major aid orgs & govern-
ment). These results confirm what has been shown
in previous work, i.e. a good quality of expected
crises data with valuable information that a model
can learn while sudden crises are more difficult
to handle. These results emphasis the need for
online training. Indeed, without a good represen-
tation of all crisis types, there is a possibility that
the model lacks the information required to perform
on a new domain. Moreover, all crisis data do not
have an equivalent quality (number of tweets, dis-
tribution, variety of textual data) and with a step by
step training, we are able to identify "noisy" crises.
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6. Conclusion

In this paper, we presented CrisisCL, a bench-
mark for continual learning in crisis management
which provides a structured protocol for Domain-
Incremental Learning in this context, highlight-
ing the trade-offs between memory-based and
regularization-based approaches under strict re-
source constraints. The results confirm that while
regularization methods such as EWC and MAS
can effectively mitigate catastrophic forgetting —
especially on large, topically coherent datasets —,
replay-based methods often struggle when memory
budgets are limited. Furthermore, the additional
protocols (e.g., Out-of-Type and Sudden-Expected)
revealed the difficulty to generalize to unseen cri-
sis types, emphasizing the need for robust domain
adaptation and domain-aware architectures.

Future work will explore the integration of adap-
tive weighting of domains, and the implementation
of new continual learning scenarios such as Class
Incremental Learning for crisis management.
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