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Abstract

Continual Event Detection (CED) poses a
formidable challenge due to the catastrophic
forgetting phenomenon, where learning new
tasks (with new coming event types) hampers
performance on previous ones. In this paper,
we introduce a novel approach, Lifelong Event
Detection via Optimal Transport (LEDOT),
that leverages optimal transport principles to
align the optimization of our classification mod-
ule with the intrinsic nature of each class, as
defined by their pre-trained language modeling.
Our method integrates replay sets, prototype
latent representations, and an innovative Opti-
mal Transport component. Extensive experi-
ments on MAVEN and ACE datasets demon-
strate LEDOT’s superior performance, consis-
tently outperforming state-of-the-art baselines.
The results underscore LEDOT as a pioneer-
ing solution in continual event detection, offer-
ing a more effective and nuanced approach to
addressing catastrophic forgetting in evolving
environments.

1 Introduction

Event Detection (ED) (Nguyen et al., 2016, 2023a)
presents a pivotal challenge in the domain of In-
formation Extraction, tasked with identifying event
triggers and their associated types from natural lan-
guage text. However, the conventional ED training
paradigm, characterized by its static nature, falls
short in capturing the dynamic nature of real-world
data. As highlighted by Yu et al. (2021), the ontol-
ogy of events in ED research has been exhibiting a
constant shift since its introduction, prompting the
exploration of Continual Event Detection (CED),
where data arrives continuously as a sequence of
non-overlapping tasks. Although large language
models (LLMs) have recently emerged, showcas-
ing the ability to tackle numerous problems using
only prompts without the need for fine-tuning, they

* Equal contribution.

fall short in the domains of information extraction
(IE) (Han et al., 2023; Gao et al., 2023) and con-
tinual learning (Shi et al., 2024). Continual event
detection, in particular, remains a difficult task that
is not effectively addressed by LLMs.

CED presents many issues, most notably the
catastrophic forgetting (McCloskey and Cohen,
1989; Ratcliff, 1990) phenomenon, where the train-
ing signal from new task hampers performance on
past tasks. To provide a solution for this issue,
numerous methods have been proposed, which usu-
ally fall into one of the three eminent approaches:
Regularization-based (Chaudhry et al., 2021; Saha
et al., 2021; Phan et al., 2022; Van et al., 2022;
Hai et al., 2024); Architecture-based (Yoon et al.,
2017; Sokar et al., 2021); and Memory-based (Be-
louadah and Popescu, 2019; Rolnick et al., 2019).
Out of these three, Memory-based methods have
demonstrated superiority, leveraging access to the
Replay buffer, a memory of limited size containing
a portion of data from previously learned tasks for
the model to rehearse during the training of new
tasks.

Despite the promise of Memory-based methods,
challenges abound. First, the finite capacity of the
Replay buffer results in the eviction of valuable
information, leading to incomplete representations
of past tasks and hence, inadequate generality. Fur-
thermore, the process of sampling and replaying
data might not be optimally curated, potentially
hindering the model’s ability to generalize across
tasks effectively.

This setback arises because the conventional
practice of discarding the original head of pre-
trained language models (PLMs) during fine-tuning
on downstream tasks overlooks valuable linguis-
tic information encoded within it. In training the
classifier module, state-of-the-art approaches (Qin
et al., 2024; Wang et al., 2023; Liu et al., 2022;
Yu et al., 2021) often do so in isolation, devoid
of any priors or foundations. Discarding the lan-
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guage modeling head in PLMs is highly wasteful.
The language modeling head contains essential in-
formation about vocabulary distribution based on
contextual representations. Losing this head sac-
rifices crucial linguistic nuances, making it harder
to align the classifier module and ensure efficient
fine-tuning. Aligning our classifier module to this
information is an essential but also formidable chal-
lenge. This alignment is crucial for ensuring a
more efficient fine-tuning process, as it provides a
foundational standard of learning that mitigates un-
necessary overplasticity and prevents catastrophic
forgetting.

To address the limitations discussed, this paper
introduces a method to enhance Memory-based
CED by integrating Optimal Transport (OT) princi-
ples, which provide a robust framework for measur-
ing the distance between probability distributions.
By incorporating OT into the fine-tuning process,
we aim to retain essential linguistic information
from the PLM head, ensuring the model remains
invariant to specific tasks. This integration involves
defining an appropriate cost matrix, a key challenge
that we address by proposing a novel construction
tailored to our method. Our approach ensures ef-
fective alignment between the PLM head and the
classifier’s output, leveraging OT to enhance the
model’s performance and robustness across various
tasks while preserving the PLM’s inherent linguis-
tic knowledge.

2 Background

2.1 Event Detection

Following previous works, we formalize Event De-
tection as a Span-based Classification task (Nguyen
and Grishman, 2015; Lu and Nguyen, 2018; Man
Duc Trong et al., 2020). Given an input instance
x = (wy., s, e) consisting of a L-token context
sequence wj.r,, a start index s, and an end index e,
an ED model has to learn to assign the text span
Wg.e into a label y from a set of pre-defined event
types )V, or NA if ws.. does not trigger a known
event.

Generally, we use a language model M to en-
code the context sequence wy.z, into contextualized
representation w/, ;. Then, a classifier is utilized to
classify the representation of the trigger span:

h = [wg, we], (1)

p(y|z) = Softmaz(Linear(FNN(h)). (2)

Here, FNN denotes a feed-forward neural net-
work, [, ] is the concatenation operation, h is the
hidden vector representing wy.., and p(y|x) mod-
els the probability of predicting y from the input
z.

The model is trained on a dataset D =
{(xi, i)}, using cross-entropy loss:

1
Le(D) =~ > logp(ylz).  (3)
(zy)eD

To mitigate the imbalance between the number
of event triggers and the number of NA spans, we
re-weight the loss with a hyperparameter #:

Lo =nLc(Dw) + (L =n)Lc(D\Dw) @)

where Dy, is the set of NA instances.

2.2 Continual Event Detection

The training data in CED is not static but arrives
sequentially as a stream of 7' non-overlapping
tasks {D|U_, D = D;D: N Dy = 0}. At
each timestep ¢, the t*" task data only covers a
set of event types V; = {y},y?, ...y}, which
is a subset of the full ontology of event types
Y. Here, unseen events and negative instances
(i.e. text spans that do not trigger any event) are
treated as NA. After training on D;, the model is
expected to be able to detect all seen events thus
far,i.e. Y1 ()2 ...[) V. To this end, we employ
two commonly used techniques in Rehearsal-based
Continual Learning: Naive Replay, and Knowledge
Distillation (Hinton et al., 2015). Let R;_1 be the
replay buffer up to task ¢ — 1, the Replay Loss and
Knowledge Distillation loss are written as follows:

1
Lp=—
TRl 2

hy)ERi—1
>
(hyy)ER—1

logp'(ylh), (5)

P (y|h) log p'(y|h), (6)

where p! denotes the probability of predictions
given by the model instance at timestep t.

3 Lifelong Event Detection via Optimal
Transport

We incorporate Optimal Transport (OT) as a foun-
dational element of our methodology. OT is a math-
ematical framework designed to compute the dis-
tance between two probability distributions with
different supports.
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In our methodology, OT is applied to align the
probability distribution output of the classifier head
with the distributional characteristics inherent in
the vocabulary of the Pre-trained Language Model
(PLM) head. The softmax class probabilities from
the classifier head are transported to closely match
the pre-trained distribution, facilitating a seam-
less integration of task-specific knowledge while
minimizing the divergence from the model’s pre-
existing linguistic understanding.

We forward each event trigger through a pre-
trained language model and its original language
modeling head, and obtain a distribution over a
dictionary of V' words:

xs = Softmax(LMH (w)/T)
xe = Softmax(LMH (w.)/T)
T=(rs+ xe)/2

where LMH is a pre-trained language model head,
T is temperature coefficient, and z is distribution
of the event trigger over dictionary.

Each event trigger is associated with a distri-
bution over C' classes: p € A€, where each en-
try indicates the probability that the event trig-
ger belongs to a class in the ontology. An en-
coder is employed to generate p from x, defined
as p = Softmax(6(x)), where 6 represents the
parameters of the neural network as described in
Section 2.1.

Given that & and p are distributions with differ-
ent supports for the same event trigger, we aim to
train the model by minimizing the following Op-
timal Transport (OT) distance to push p towards
I
min

dM(j}ap) = Pel(3,p)

(P, M), (N
where (-, -) denotes the Frobenius inner product;
the cost matrix M € R> 0V *¢ captures semantic
distances between class ¢ and word v, with each
entry m,,. signifying the importance of words in
the corresponding class; P € R‘;gc denotes the
transport plan; and and U (&, p) is defined as the set
of all viable transport plans. Considering two dis-
crete random variables X ~ Categorical(Z) and
Y ~ Categorical(p), where the transport plan P
becomes a joint probability distribution of (X,Y"),
ie, p(X =14,Y = j) = p;;: the set U(Z, p) en-
compasses all possible joint probabilities that sat-
isfy the specified constraints, forming a transport
polytope.

Directly optimizing Eq. (7) poses a time-
consuming challenge. To address this, an entropic-
constrained regularized optimal transport (OT) dis-
tance is introduced, known as the Sinkhorn dis-
tance:

min

Pel(2,p) <P7 M> - H(P)7 (8)

sm(Z,p) =

where the entropy function of the transport plan
def

H(P) = - Zi,j P; ;j(log(P;
larizing function (Cuturi, 2013).

The cost matrix M is a trainable variable in our
model. To overcome the challenge of learning the
cost function, we propose a specific construction
for ML:

— 1)) is the regu-

Mye =1 — cos(ev, gc)a “

where cos(+, +) represents the cosine similarity, and
g. € RP and e, € RP are the embeddings of class
c and word v, respectively. After training on one
task, the learned class embeddings are frozen. We
then expand the size of the class embeddings and
train the newly initialized embeddings on the new
task.

Frogner et al. (2015) further suggested combin-
ing the OT loss with a conventional cross-entropy
loss to better guide the model. By parameterizing
M with G, the collection of class embeddings, the
final OT objective function is expressed as:

Lot = min [sm(Z,p) — eZ logg(p)].  (10)

To maintain the consistency of class representa-
tions across tasks, an additional regularization term
enforces the proximity of class representations in
the current task to those in the most recent task:

Le =Gt — Guoy)ll* (11)

Finally, we can write our final objective function:

L=Loc+Lr+Lp+ Lor+ alg, (12)

where « is the regularization coefficient.

Avoiding Catastrophic Forgetting Similar to
many CED baselines, our method incorporates a
replay process. However, our approach to con-
structing the memory buffer is distinct. For each
class in the training data, we retain the prototype
mean g and diagonal covariance Y of its trigger
representations encountered by the model, rather
than storing explicit data samples. During replay,
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MAVEN ACE

Task 1 2 3 4 5 1 2 3 4 5
BIC 63.16 55.51 5396 50.13 49.07 | 55.88 58.16 61.23 59.72 59.02
KCN 63.16 55.73 53.69 48.86 47.44 | 5588 58.55 61.40 59.48 58.64
KT 62.76 58.49 5746 5538 54.87 5588 5729 6142 60.78 59.82
EMP 66.82 58.02 58.19 55.07 5452 |59.05 57.14 55.80 5342 5297
ESCO 67.50 61.37 60.65 5743 5735 | —- — — — —
SCR 76.52 5797 57.89 5274 5341|7524 633 61.07 55.05 55.37
SharpSeq 62.28 61.85 6292 6131 60.27 | 56.47 56.99 6444 6247 62.60
LEDOT-OT 63.34 59.89 59.28 56.24 5520 | 58.74 58.08 61.81 58.32 59.76
LEDOT-R 63.01 60.16 59.76 56.75 54.59 | 5830 58.60 63.14 58.82 60.18
LEDOT-P 63.01 5995 59.32 56.10 5521|5995 56.63 62.09 60.08 6141
LEDOT 6298 6047 60.78 58.53 57.53 | 5830 59.69 6352 61.05 63.22
LEDOT + SharpSeq | 63.30 61.97 63.00 61.81 61.49 | 60.15 59.73 64.55 63.65 64.27
Upperbound / / / / 64.14 / / / / 67.95

Table 1: Classification Fl-scores (%) on 2 datasets MAVEN and ACE. Upperbound indicates the theoretical

maximum achievable performance when BERT is frozen.

synthetic samples are generated from these proto-
types and combined with the replay buffer R to
form the effective buffer R. This modified buffer
replaces R in the computation of L (5) and Lp

(6).
4 Experiments

4.1 Settings

Datasets We employ two datasets in our ex-
periments: ACE 2005 (Walker et al., 2006) and
MAVEN (Wang et al., 2020); both are preprocessed
similar to Yu et al.’s (2021) work. To ensure fair-
ness, we rerun all baselines on the same prepro-
cessed datasets. The detailed statistics of the two
datasets can be found in Appendix A.2.

Experimental Settings We adopt the Oracle neg-
ative setting, as mentioned by Yu et al. (2021),
to evaluate all methods in continual learning sce-
nario. This setting involves excluding the learned
types from previous tasks in the training set of the
new task, except for the NA (Not Applicable) type.
Labels for future tasks are treated as NA type. As-
sessments are conducted using the exact same task
permutations as in Yu et al.’s (2021) work. The per-
formance metric is the average terminal F1 score
across 5 permutations after each task. Recently,
(Le et al., 2024a) introduced a multi-objective opti-
mization method that is compatible with our pro-
posed LEDOT approach. To examine the impact of
LEDQOT on SharpSeq, we conducted an experiment
referred to as LEDOT+SharpSeq. For details on
other baselines and the integration of LEDOT with

SharpSeq, please refer to Appendix A.1.

4.2 Experimental Results

Table 1 showcases the impressive results of our pro-
posed method, LEDOT, compared to state-of-the-
art baselines in continual event detection. On both
the MAVEN and ACE datasets, LEDOT consis-
tently achieves higher F1 scores, surpassing most
baseline methods. When combined with SharpSeq,
LEDQOT further enhances performance, increasing
the Fl-score by a significant margin of 1.22% on
MAVEN and 1.67% on ACE after five tasks.

We also conduct further ablation studies to evalu-
ate variants of LEDOT: LEDOT-OT (without Opti-
mal Transport), LEDOT-R (without the replay set),
and LEDOT-P (without prototype latent representa-
tions). Even without prototype rehearsal, LEDOT-
P with OT surpasses the replay-based baseline KT
by 0.34% on MAVEN and 1.59% on ACE. More-
over, LEDOT outperforms LEDOT-OT, highlight-
ing the crucial role of OT in preventing catastrophic
forgetting. Specifically, OT improves F1 scores by
2.33% on MAVEN and 3.46% on ACE. These re-
sults emphasize the importance of OT in mitigating
catastrophic forgetting in continual event detection.

5 Conclusion

Harnessing the inherent linguistic knowledge from
pre-trained language modeling heads in encoder-
based language models play a pivotal role in en-
hancing performance in downstream tasks. With
the introduction of LEDOT, we present a novel ap-
proach utilizing optimal transport to align the learn-
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ing of each task with a common reference—the pre-
trained distribution of the vocabulary. This align-
ment mitigates overfitting to the current task and
effectively addresses the challenge of catastrophic
forgetting. Our method, demonstrating superior
performance across various benchmarks, stands
as a testament to the effectiveness of leveraging
pre-trained language modeling heads for continual
event detection, offering a promising avenue for fu-
ture research in this domain. In the future, we plan
to extend our method to solve continual learning
challenges for other information extraction tasks,
such as event-event relation extraction (Man et al.,
2024b,a).

Limitations

Being an empirical study into the effectiveness of
Optimal Transport in aligning the output distribu-
tion of Continual Event Detection models, our work
is not without limitations. We acknowledge this,
and would like to discuss our limitations as follows:

* The method proposed in this paper is orthog-
onal to the tasks of interest and the specific
techniques to solve them. With that being said,
our method is applicable to a wide range of in-
formation extraction tasks, such as Named En-
tity Recognition, and Relation Extraction, as
well as other text classification tasks, such as
Sentiment Analysis. However, given limited
time and computational resources, we limit
the scope of our experiments to only Event
Detection. The extent to which our proposed
method can work with other NLP problems
can be an interesting topic that we leave for
future work. Nevertheless, our experimental
results suggest that using Optimal Transport
to align the output distribution of the model
with the pre-trained language modeling head
has the potential to improve continual learning
performance on other problems as well.

This paper presents the empirical results of our
LEDOT method using a pre-trained encoder
language model (i.e. BERT) as the backbone.
Meanwhile, large decoder-only language mod-
els, with their heavily over-parameterized ar-
chitectures, amazing emergent ability, and
great generalization capability, have emerged
and become the center of focus of NLP re-
search in recent years. Though they have
proved to be able to understand language and

solve almost all known NLP tasks without
needing much fine-tuning, many studies (Lai
et al., 2023; Qiu and Jin, 2024; Zhong et al.,
2023) suggested that even the largest models
like ChatGPT (Ouyang et al., 2022) still lag
behind smaller but specialized models such
as BERT (Devlin et al., 2019) and T5 (Ratf-
fel et al., 2023) by a significant margin on
tasks like Event Detection. We thus believe
that studies on the applications of encoder lan-
guage models in Continual Event Detection
are still needed.
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A Additional Experimental Details

A.1 Baselines

The following continual learning and continual ED
methods are employed as baselines in this paper:

e BIC (Wu et al., 2019) addresses model bias
towards new labels via an affine transforma-
tion.

* KCN (Cao et al., 2020) employs a limited set
to store data for replay, utilizing knowledge
distillation and prototype-enhanced retrospec-
tion to alleviate catastrophic forgetting.

* KT (Yu et al., 2021) follows a memory-based
approach, combining knowledge distillation
with knowledge transfer. This method utilizes
new-label samples to reinforce the model’s
retention of old knowledge and employs old-
label samples to initialize representations for
new-label data in the classification layer.

* EMP (Liu et al., 2022) also leverages
knowledge distillation and introduces straight
prompts into the input text to retain previous
knowledge.

¢ ESCO (Qin et al., 2024) introduce ESCO, a
method combining Embedding Space Separa-
tion and Compaction. ESCO pushes the fea-
ture distribution of new data away from old
data to reduce interference and pulls memory
data towards its prototype to improve intra-
class compactness and alleviate overfitting on
the replay dataset.

e SharpSeq The framework introduced in
SharpSeq (Le et al., 2024a) integrates multi-
objective optimization (MOO) with sharpness-
aware minimization (SAM). In the context of
continual learning, handling multiple losses
often involves simply summing them with
fixed coefficients. However, this approach
can lead to gradient conflicts that hinder the
discovery of optimal solutions. MOO algo-
rithms address this issue by dynamically esti-
mating coefficients based on the gradients of
the losses. To refine the results of MOO, (Le
et al., 2024a) employs SAM to identify flat
minima along the Pareto front.

* SCR (Wang et al., 2023) employs a training
approach involving both BERT and the classi-
fier layer. Initially, this yields high F1 scores

on early tasks, but performance deteriorates
rapidly as more tasks are encountered. In con-
trast, our method maintains BERT’s parame-
ters fixed during training. The SCR approach,
which fine-tunes BERT, presents challenges
for continual event detection. Despite hav-
ing different label sets, many sentences are
recurrent across tasks. SCR tackles this by
using pseudo labels from the previous stage
to predict labels on new datasets, containing
sentences from previous tasks. However, this
strategy leads to data leakage from old tasks to
new ones, significantly inflating SCR’s replay
dataset beyond what is allowed in strict con-
tinual learning setups. In contrast, our method
relies on a frozen BERT for feature extrac-
tion, ensuring consistency in trigger represen-
tations over time. Our approach aligns with
the principles of continual learning, where the
model solely accesses data relevant to the cur-
rent task. Moreover, the evaluation metric in
SCR differs from our approach, as they do
not account for the NA label despite it be-
ing the most common label in these datasets.
Therefore, we have reproduced the results and
reported them in Tablel.

* LEDOT + SharpSeq Our proposed method
incorporates two key objectives: one focus-
ing on the OT loss for the language modeling
head and another serving as a regularization
term to ensure the proximity of class repre-
sentations. Instead of treating these objectives
as separate entities within a multi-objective
optimization algorithm, we integrate them di-
rectly into the overall loss calculation using
the same data. This approach maintains the
original number of losses, streamlining the
optimization process.

A.2 Datasets

Detailed statistics regarding the datasets used for
all empirical assessments can be found in Table 2.

A.3 Implementation Details

In our experiments, the encoder and language
model head is taken from BERT-large-cased (De-
vlin et al., 2019) and they are freezed in the train-
ing process. We employ the AdamW optimizer
(Loshchilov and Hutter, 2017) with a learning rate
of 1 x 10~* and a weight decay of 1 x 1072, Model
training continues until there is no increase in per-
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formance on the development set. The replay set-
ting remains consistent with KT Yu et al.’s (2021),
where the number of instances for each label in the
replay set is set to 20. Since the size of the vocab-
ulary is large and it contains many subwords and
completely unrelated words, to reduce the computa-
tion, we select only a subset of words that are verbs.
In each batch, we combine that set with tokens in
the batch to compute the OT loss.

All implementations are coded using PyTorch,
and the experiments were carried out on NVIDIA
A100 and NVIDIA V100 GPUs.

B Ablation Study

B.1 Temperature of Language Modeling Head

We conduct an ablation study to explore the impact
of different temperatures in the language modeling
head within the LEDOT method. The motivation
behind this study lies in the stochastic nature of
the language modeling process, where a higher
temperature introduces more randomness. This
increased stochasticity can influence the generation
not only of the primary label (event type) but also of
other words related to the topic. By systematically
varying the temperature parameter, denoted as 7,
we aim to understand how these different levels
of stochasticity affect LEDOT’s performance. The
results are presented in Table 3.

B.2 Quantity of Generated Samples

In Table 1, we observe that the performance of
LEDOT significantly improves when synthesizing
representations from prototypes. To further inves-
tigate this effect, we conducted additional experi-
ments with LEDOT, varying the ratios () between
the number of generated samples and the replay set.
The outcomes for four r values are presented in
Table 4. Notably, on MAVEN, the highest perfor-
mance is achieved with » = 10, yielding a 57.53%
F1 score in the fifth task. Conversely, for the fifth
task on ACE, the optimal 7 value is 2020, result-
ing in a 63.22% score. The influence of prototype
sampling on early tasks is relatively marginal, but
it becomes more pronounced in later tasks. It is
important to note that an increased r value does
not necessarily guarantee improved LEDOT per-
formance. This can be attributed to the noise intro-
duced by random processes during representation
sampling. The noise can impact the outcome of the
language modeling head in LEDOT and potentially
misguide the classification head during model opti-

mization. Therefore, when generating more sam-
ples, careful consideration is required to mitigate
noise effects and avoid adversarial impacts.

B.3 Further Analysis

We conduct additional ablation studies to gain
deeper insights into the performance of LEDOT.
First, we compare the impact of two differ-
ent initialization methods for Optimal Trans-
port—random initialization and initializing labels
by mapping them to their corresponding word em-
beddings in the vocabulary. The results of this com-
parison are detailed in Table 5, shedding light on
the influence of initialization strategies on the over-
all effectiveness of LEDOT. Second, we explore
the sensitivity of our method to the coefficient of
regularization applied to the cross-task class rep-
resentations. The results of this investigation are
presented in Table 6, providing valuable informa-
tion about the robustness of LEDOT to variations in
the regularization coefficient. These ablation stud-
ies contribute to a comprehensive understanding of
the factors influencing LEDOT’s performance in
continual event detection scenarios.

C Optimal Transport on Continual
Relation Extraction

Our proposed Optimal Transport alignment extends
beyond Continual Event Detection: it can also en-
hance other continual NLP solutions utilizing vari-
ous kinds of pre-trained language models. To sub-
stantiate this claim, we demonstrate its effective-
ness in Continual Relation Extraction (CRE) (Han
et al., 2020; Cui et al., 2021; Zhao et al., 2022;
Xiong et al., 2023; Nguyen et al., 2023b; Le et al.,
2024b) using an encoder-decoder language model,
specifically TS5 (Raffel et al., 2020).

Our experiments are centered around the state-
of-the-art CRE baseline RationaleCL (Xiong et al.,
2023). This method leverages rationales generated
by ChatGPT-3.5! during training to enhance the
TS5 model for CRE. RationaleCL operates by first
generating rationales for current relation samples
using an LLM. These rationales are then integrated
into the original training dataset for multi-task ra-
tionale tuning. Formally, RationaleCL introduces

"https://chat.openai.com/
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three key objectives:

Taske : x; — y; (13)
Task, :x; — 7 +y; (14)
Task:d YT+ T — Y (15)

where x; represents the input text, y; denotes the re-
lation label, and r; stands for the rationale. T'ask,
directly generates the label y; from the input x;,
while T'ask, requires the model to generate an ex-
planation before generating an answer. T'askg uses
both the input and rationale in the encoder part to
answer the question. It is noteworthy that, similar
to most continual learning methods, RationaleCL
employs a replay process. This process trains the
model on both newly encountered data and a lim-
ited amount of samples from previously encoun-
tered tasks stored in the buffer.

The state-of-the-art performance achieved by Ra-
tionaleCL in CRE underscores its efficacy. How-
ever, our integration of Optimal Transport (OT)
methodologies aims to elevate the method to new
heights. We introduce OT objectives to align the
learned language-modeling head with T5’s original
language-modeling head, resulting in the enhance-
ments observed over the baseline on the TACRED
dataset (Zhang et al., 2017), as showcased in Table
7.

Our integration of OT objectives not only miti-
gates the detrimental effects of catastrophic forget-
ting but also emerges as a compelling solution for
enhancing the fine-tuning process across various
downstream tasks.
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MAVEN ACE
#Doc #Sentence #Mention #Negative | #Doc  #Sentence #Mention #Negative
Train | 2522 27983 67637 280151 501 18246 4088 261027
Dev 414 4432 10880 46318 41 1846 433 53620
Test | 710 8038 18904 79699 55 689 790 93159
Table 2: Statistics of two datasets. #Doc stands for the total number of documents.
MAVEN ACE
Task 1 2 3 4 5 1 2 3 4 5
T=29> 63.15 60.78 60.66 58.51 5737|5741 59.00 63.60 60.87 61.81
T=4 63.08 60.72 60.71 58.76 57.71 | 61.09 60.12 63.36 61.09 61.15
T=3 63.06 60.77 60.70 58.43 57.30 | 58.09 59.46 6398 61.63 62.36
T=2 63.11 60.64 60.70 58.45 57.50 | 58.30 59.69 63.52 61.05 63.22
T=1 62.98 60.47 60.78 58.53 57.53 | 6042 59.76 64.28 61.52 62.84
7=0.1 |6252 6031 60.51 5831 57.13|61.51 57.01 6294 60.18 61.22
7=0.01 ] 62.60 60.3 6043 58.22 57.15|62.15 57.08 63.51 59.48 61.29

Table 3: Ablation results for the temperature of the language modeling head in the LEDOT method.

MAVEN ACE
Task 1 2 3 4 5 1 2 3 4 5
r=201|63.01 60.12 6026 5796 56.87 | 58.30 59.69 6352 61.05 63.22
r=10 | 6298 6047 60.78 58.53 57.53 | 58.30 60.80 64.63 62.47 62.63
r=>5 |63.01 6030 6054 5822 57.01|58.30 61.06 64.67 60.59 62.29
r=1 |63.07 60.16 6000 57.07 5584|5830 6051 6424 60.15 62.18

Table 4: Ablation results for the number of generated representations in the LEDOT method.

MAVEN ACE
Task 1 2 3 4 5 1 2 3 4 5
random | 63.15 60.78 60.66 5851 5737|5741 59.00 63.60 6087 61.81
mapping | 63.08 60.72 60.71 58.76 57.71 | 61.09 60.12 63.36 61.09 61.15

Table 5: Ablation results for the initialization of Optimal Transport in the LEDOT method. "mapping" indicates
initializing labels by mapping them to their corresponding word embeddings in the vocabulary.

MAVEN ACE
Task 1 2 3 4 5 1 2 3 4 5
a=1 63.01 60.36 60.67 58.33 57.41 | 5830 59.72 6441 6097 62.29
a=05>5 6298 6047 60.78 58.53 57.53 |5830 59.69 63.52 61.05 63.22
a=0.2|63.07 60.66 60.67 5837 57.16 | 58.72 59.39 64.55 61.88 62.68
a=0.1|6301 6045 60.60 57.79 57.02|5872 60.01 64.61 62.49 62.82

Table 6: Ablation results for regularization on cross-task class representations in the LEDOT method.

TACRED
Task 1 2 3 4 5 6 7 8 9 10
RCL 100.00 94.80 92.20 89.24 86.56 84.74 80.57 77.46 8098 79.11
OTRCL | 97.76 98.40 93.17 8794 90.18 86.05 82.73 80.61 82.61 79.36

Table 7: Classification accuracy (%) on the TACRED dataset. RCL abbreviates for RationaleCL.
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