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Abstract

To address catastrophic forgetting in Continual Relation Ex-
traction (CRE), many current approaches rely on memory
buffers to rehearse previously learned knowledge while ac-
quiring new tasks. Recently, prompt-based methods have
emerged as potent alternatives to rehearsal-based strate-
gies, demonstrating strong empirical performance. However,
upon analyzing existing prompt-based approaches for CRE,
we identified several critical limitations, such as inaccurate
prompt selection, inadequate mechanisms for mitigating for-
getting in shared parameters, and suboptimal handling of
cross-task and within-task variances. To overcome these chal-
lenges, we draw inspiration from the relationship between
prefix-tuning and mixture of experts, proposing a novel ap-
proach that employs a prompt pool for each task, capturing
variations within each task while enhancing cross-task vari-
ances. Furthermore, we incorporate a generative model to
consolidate prior knowledge within shared parameters, elim-
inating the need for explicit data storage. Extensive experi-
ments validate the efficacy of our approach, demonstrating
superior performance over state-of-the-art prompt-based and
rehearsal-free methods in continual relation extraction.

1 Introduction

Continual Relation Extraction (CRE) involves classifying
semantic relationships between entities in text while adapt-
ing to an expanding set of relation types. Previous CRE ap-
proaches (Zhao et al. 2022; Nguyen et al. 2023; Le et al.
2024d) have successfully addressed the challenge of learn-
ing new relations without sacrificing accuracy on previ-
ously learned ones by employing memory-based techniques
(Shin et al. 2017; Chaudhry et al. 2019). These methods uti-
lize a rehearsal mechanism supported by a memory buffer,
enabling the model to revisit and consolidate knowledge
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of prior relations while learning new tasks, thereby reduc-
ing catastrophic forgetting. Nonetheless, concerns regarding
data storage and privacy have prompted the research com-
munity to investigate alternative strategies for CRE (Ke and
Liu 2022).

To address these limitations, recent advances in Contin-
ual Learning (CL) have introduced innovative prompt-based
methods (Wang et al. 2022b,a, 2023a; Tran et al. 2024a).
Unlike memory-based approaches, these methods eliminate
the need for rehearsal, focusing instead on the dynamic in-
sertion of auxiliary parameters, known as prompts, during
training. These prompts are adaptable to specific tasks, en-
abling continual learning without the necessity of data re-
play. However, our analysis identifies several inherent weak-
nesses in these prompt-based approaches. Firstly, they lack
robust mechanisms to prevent forgetting in shared compo-
nents, such as the shared Prompt Pool (Wang et al. 2022b),
the task-agnostic General Prompt (G-Prompt) (Wang et al.
2022a), or the shared MLP classifier, which can lead to
potential performance degradation. Secondly, task-specific
prompt-based approaches (Wang et al. 2022a, 2023a) are
prone to inaccuracies in prompt selection, leading to a mis-
match between training and testing prompts. Lastly, these
methods demonstrate limited optimization in managing both
cross-task and within-task variance. For instance, Wang
et al. (2022b) employ a common prompt pool, where in-
stances from different tasks may frequently share one or
more prompts, thereby reducing cross-task variance. This
issue becomes particularly prominent in CRE, where in-
stances from different relation classes might frequently have
very similar contexts, as shown in the example below:

e "[X] is a professor at [Z
university]."
e "[X] is advised by a professor at [Z

university].".

In alignment with these approaches, Le et al. (2024a) ex-
plores the relationship between Prefix-tuning (Li and Liang
2021), a widely used technique for implementing prompts,
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Figure 1: Overall framework of WAVE-CRE. To prevent
information loss across tasks, we use a task-specific prompt
pool P, for each task and a representation generator to
synthesize past-task information, strengthening the relation
classifier’s knowledge retention.

and Mixture of Experts (MoE) models (Jacobs et al. 1991;
Jordan and Jacobs 1994). The study demonstrates that self-
attention can be seen as embodying multiple MoE mod-
els, and that implementing prefix-tuning is analogous to
adding new prefix experts to these pre-trained MoE models
to fine-tune their representations. Building on this founda-
tion, we introduce a novel prompting method, WAVE-CRE
(Within-Task Variance Awareness for Continual Relation
Extraction), designed to address the limitations highlighted
earlier, as illustrated in Figure 1. During training, each task
is allocated a dedicated Prompt Pool (Wang et al. 2022b),
fostering cross-task divergence while capturing intra-task
variations. To mitigate catastrophic forgetting during the
shared parameter learning process between tasks, we em-
ploy a generative model that generates latent data represen-
tations for replay. Unlike generating natural language text,
learning the underlying distribution and generating continu-
ous latent representations is significantly more feasible. For
prompt pool selection, a separate generative model gener-
ates uninstructed representations, which are then utilized to
train the task predictor. Extensive experiments demonstrate
that our method surpasses state-of-the-art prompt-based and
rehearsal-free baselines. Therefore, our contributions are as
follows:

* We reveal limitations of current prompt-based ap-
proaches, including inaccurate prompt selection, inade-
quate strategies for mitigating forgetting in shared pa-
rameters, and suboptimal handling of cross-task and
within-task variances.

To overcome these challenges, we propose a novel
prompting method, WAVE-CRE, which leverages task-
specific prompt pools and generative models for latent
representation.

Our extensive experimental evaluation demonstrates that
WAVE-CRE significantly outperforms state-of-the-art
prompt-based and rehearsal-free baselines.
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2 Background
2.1 Continual Relation Extraction

Continual Relation Extraction (CRE) is a subfield of con-
tinual learning (Hai et al. 2024; Phan et al. 2022; Van et al.
2022) and continual information extraction (Le et al. 2024c;
Dao et al. 2024; Tran et al. 2024b). It involves training a
model sequentially on a series of tasks {71, T2,..., 71},
with each task 7; associated with a training dataset D; and
a corresponding set of relations R;. Similar to traditional
supervised classification frameworks (Ji et al. 2020), each
task 7; consists of \; labeled samples, D, = {(x, y!)} %,
where x! denotes the input data, and y! corresponds to a la-
bel from the relation set R;. The primary objective in CRE
is to train a model that can effectively learn from new tasks
while preserving its performance on previously acquired
tasks. Upon completing the ¢-th task, the model should be
able to accurately identify the relation of an entity pair from
the cumulative relation set R, = U§:1 Ri. Most existing
methods in CRE rely on the use of a memory buffer to store
samples of previously encountered relations, which raises
significant concerns regarding memory and privacy.

2.2 Mixture of Experts

An MoE model consists of NV expert networks, denoted by
fi : RP = RPvfori=1,...,N,and a gating function, G :
RP — R¥, which dynamically determines the contribution
of each expert for a given input . The gating function is
based on learned score functions, s; : RP — R, associated
with each expert, resulting in the following formulation:

:Nij.jw:N eXp(Sj(m)) (),
Y72 O A =2 o )

(1
where G(x) = softmax(si(x),...,sn(x)). Shazeer et al.

(2017) introduced Sparse Mixture of Experts (SMoE) ar-
chitecture as an efficient method to scale up MoE models.
This is achieved by utilizing a sparse gating function TopK,
which selects only the K experts with the largest affinity
scores s;(x). The TopK function is defined as:

TopK (v, K),

{

Subsequently, the selected experts independently calculate
their outputs, and these are linearly combined using their
corresponding affinity scores to produce the final prediction:

if v; is in the K largest elements of v
otherwise.

Vi,
—0Q,

N
y= Z softmax (TopK (s(z), K)); - f;(),

Jj=1

2

where s(x) (s1(x),...,sn(x)). MoE has gained sig-
nificant attention for its flexibility and adaptability in fields
like large language models (Du et al. 2022; Zhou et al.
2023), computer vision (Riquelme et al. 2021), and multi-
task learning (Ma et al. 2018).



2.3 Prompt-based Methods

Recently, parameter-efficient fine-tuning techniques like
Prompt-tuning (Lester, Al-Rfou, and Constant 2021) and
Prefix-tuning (Liu et al. 2022; Le et al. 2024b) have become
prominent for fine-tuning pre-trained models on down-
stream tasks. This study focuses on prefix-tuning for prompt
implementation, where prompts are passed to several Multi-
head Self-attention (MSA) layers in the pre-trained trans-
former encoder. Let X = [z1,...,zy]" € RV*P repre-
sent the input matrix, where x; is the embedding of the i-th
token, and D is the embedding dimension. The output of an
MSA layer is:

MSA(X) = Concat(hy, ..., hym)Wo,
h; = Attention(XVVZ-Q7 XWE XwY),

3)
“

fori =1,...,m, where Wy , WiQ, WiK, and Wiv are pro-
jection matrices, and m is the number of heads. In prefix-
tuning, a prompt P € RE»*P of length L, is divided into

P, P, € R% %D Each head h, calculation is modified as:
hi = Attention(XW&, [Py X|WE, [Py; X]WY),  (5)

where [-; -] denotes the concatenation operation along the se-
quence length dimension.

Recent research by Le et al. (2024a) has demonstrated
that self-attention can be interpreted as a specialized archi-
tecture comprising multiple MoE models. The study further
suggests that prefix-tuning functions as a mechanism to in-
troduce new experts into these MoE models. Specifically,
consider the [-th head in the MSA layer, with output h;
hias-- o hin]T € RV*Po Let X = [&],...,z4]" €
RY"D represent the concatenation of all input token embed-
dings. We define N experts f; : RV'P — RPv and N gating
functions G; : RN'P — RN with input X as follows:

S T .3 T
X)) =w) E,X=W) =z, (©6)
Gi(X) = softmax(s; 1(X), ..., sin(X)),
. XTE/WeWK'EX
5i,j(X) = ; (7
vD,
fori,j =1,..., N, where E; € RP*N'D are matrices such

that EiX =x;,and D, = % is the key dimension. Then,
from equation (4), the output of the [-th head can be ex-
pressed as:

hii =Y Gi(X); - f;(X)
j=1
N exp (Si,j (X)) ~
=Y — — LX), ®
=1 2¢—1 XD (Si,e(x))
for = = 1,...,N. From equation (8), we observe that

each head h; in the MSA layer includes N MoE models
hi1,...,h,n. This structure is similar to the Multi-gate
Mixture of Experts (Ma et al. 2018), where multiple MoE
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models leverage the same set of expert networks but em-
ploy independent gating functions. Extending this concept,
Le et al. (2024a) proposes that prefix-tuning can be viewed
as a method for incorporating new experts into these MoE
models. New prefix experts and score functions can be de-
fined as:

~ T v
fnei(X) =W pj, ©)
S T
i,N+j \/va P
fori = 1,...,N and j = 1,...,L, where P, =
[P}, ..,p’Z]T, P, = [pY,... ,pE]T, and L = % From
equation (5), the output of the [-th head can be written as
h; = [hl,la ey hlvN]T € RNXD“, where
N ~
2 exp(si,; (X)) <
i = =N — f;(X)
j=1 Zk:+1 exp(s;, k(X))
exp(si,n (X)) S
+ o —— [ (X)), (an
j'=1 Zk:ﬁ exp(s; k(X))
fori =1,..., N. These new experts, fy+1,..., fNyL,cOl-

laborate with the pre-trained experts f1, ..., fy to adapt the
model for downstream tasks. Several recent methods have
effectively integrated prompting techniques with pre-trained
transformer encoders, yielding notable results as demon-
strated by L2P (Wang et al. 2022b), DualPrompt (Wang et al.
2022a), and HiDe-Prompt (Wang et al. 2023a).

3 Methodology

Our overall approach, depicted in Figure 1, involves three
main stages: (1) Prompt pool learning for a new task; (2)
Generative models; and (3) Training the task predictor and
relation classifier.

3.1 Task-specific Prompt Pool

In our approach to CRE, we adopt a frozen BERT model
(Devlin et al. 2019) as the pre-trained transformer encoder,
maintaining consistency with prior studies (Xia et al. 2023;
Zhao, Cui, and Hu 2023).

Previous approaches, such as HiDe-Prompt (Wang et al.
2023a), utilize a single prompt per task. This strategy can be
compared to utilizing a fixed set of experts for every instance
within a given task. However, as detailed in equation (6) and
equation (9), the prefix experts encoded in these prompts
are considerably simpler, functioning as offset vectors rather
than pre-trained experts, which are linear functions of the in-
put. This inherent simplicity implies that a fixed set of prefix
experts may lack the necessary flexibility to effectively cap-
ture the full range of task variations. To address this limita-
tion, we extend the concept of the prompt pool introduced in
L2P (Wang et al. 2022b) by proposing a task-specific prompt
pool. For each task ¢, we introduce a prompt pool P;:

P, = {(k", P{"). (k. P}, (K3 PR)Y, (1)
where M represents the number of prompts. Each prompt

P is associated with a learnable key kz@ € RP. To

K2
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Figure 2: Data Flow Diagram: Initially, the task predictor predicts the task identity of the input «, enabling the selection of the
corresponding prompt pool. Subsequently, the input @ queries this prompt pool to identify prompts whose corresponding keys
are closest to the query g(x). The chosen prompt is then prepended to the embedded input x., creating the prompted input x,,.
The combined x,, is fed into the BERT Encoder, where the two embeddings corresponding to the positions of the entities £
and FE5 are concatenated. Finally, the resulting concatenated embedding is passed to the relation classifier, which predicts the

relation label y of the input .

facilitate prompt selection, we adopt the same key-query
mechanism described in L2P. Specifically, given an input
sentence x, it is first encoded using a pre-trained BERT
model to generate a query vector g(x). A scoring function
v : RP x RP — R then evaluates the match between the
query vector and each prompt key (e.g., using cosine sim-
ilarity). The top K most relevant prompts are selected by
optimizing the following objective:

> (g

seS

K, = argmin k(t)

SC{1,..,M}:|S|=K

13)

where K, denotes a subset of the top- K keys that are specif-
ically chosen for .

We strategically set the number of experts within a prompt
to one, with L, = 2, resulting in L = % = 1. Using
prompts of a larger length would be akin to incorporating
more experts per prompt, all of which would share a com-
mon prompt key within the prompt pool. However, our ap-
proach not only reduces memory costs but also enhances
flexibility in selecting experts during training and testing.
This configuration allows each expert to adapt to different
inputs, providing a more versatile assignment compared to
methods that use multiple experts per prompt.

Our proposed architecture enables the assignment of dif-
ferent sets of prompts or experts to specific regions of the
input data, guided by the contextual query feature g(x).
This design allows each prompt within the pool to selec-
tively focus on the relevant information and patterns nec-
essary for optimal performance in distinct areas of the in-
put domain. As a result, the model is capable of capturing
within-task variations effectively. Furthermore, by utilizing
a task-specific prompt pool, we reduce the need for parame-
ter sharing, which helps maximize cross-task variance.
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Relationship with Sparse Mixture of Experts. Our pro-
posed task-specific prompt pool shares certain similarities
with the SMoE architecture in Section 2.2. Specifically, from
equation (12), We denote the experts encoded in the prompt
pool P; as fN Al f](\flr - Unlike the pre-trained ex-
perts f1,..., fn, which are selected by default, we employ
sparse selection exclusively for these newly introduced pre-
fix experts. As illustrated in equation (11), each head in
the MSA layer when applying prefix-tuning encompasses N
MOoE models fum ey }All’ ~- The standard approach involves
applying the TopK function to each of these /N models indi-
vidually, necessitating the computation of all N x M score
functions s; x4 ;(X) fori =1,...,Nand j = 1,..., M.
This results in a distinct set of prefix experts selected for
each model. Conversely, our strategy leverages the same set
of K new experts across all N MoE models using auxiliary
score functions defined as:

Sinvi (X) = (q(), k),

where?s =1,...,Nand j = 1,..., M. This approach only
requires the computation of M score functions, as the com-

(14)

putation of 3; x4 j(X) only depends solely on k: 2 , thereby
enabling the efficient and effective selection of K experts
from the prompt pool. Although the computation of ¢(x)
might appear to be an added expense, this value is already
calculated for the task predictor in Section 3.3 during both
the training and testing phases. Therefore, the computation
of g(x) can be reused, incurring no additional cost in the
prompt selection process.

Optimization Objective. For each new task 7;, a new
prompt pool P, is created. During each training step, fol-
lowing the aforementioned strategy, K prompts are selected,
and the corresponding prompted embedding feature, de-



noted as x,, is inputted to the pre-trained transformer en-
coder f, and the final classifier g4, which is parameterized
by ¢. The objective can be summarized as follows:

)X DY Ae(=), kD),

si€Kg

min £(gs(fr(2p)) (15)

where K, is obtained with equation (13), v denotes the co-
sine similarity function, and X is a hyperparameter. The first
term in equation (15) employs the classification loss, while
the second term minimizes the distance between prompt
keys and the corresponding query features. Note that only
the prompt parameters in P, and the final classifier g, are
learned during training task ¢. The pre-trained BERT model
and previous pools Py, ..., P;_; remain frozen.

3.2 Generative Models for Relation
Representation

To effectively retain knowledge acquired from prior tasks,
we utilize a generative model that captures the distributions
of observed relations, enabling the replay of relation sam-
ples. For each relation r € R, we maintain a distribution
G? ~ N(p%, X7). This distribution is obtained by fitting
a Gaussian distribution to the set D = {2" = f.(z})},
which represents the prompted representation of the input
x" for relation r:

=y 2
He = Lo

Similarly, the distribution of the query corresponding to each
relation denoted as Dj; = {q" = q(x")}, is stored as G|, ~

N (g, 27):

W= e Y

This approach ensures that we have a generative model for
each relation, capable of reconstructing the corresponding
prompted and query representations for all previously ob-
served relations without storing any instance-specific data.
The choice of a Gaussian distribution is motivated by its
memory efficiency, as it requires storing only the mean vec-
tors and covariance matrices, thereby minimizing the over-
all memory footprint. Future works may explore alternative
generative models.

G Tl
= ZZ ol . (16)

(@ —u)(q" —pp)T
Dyl

7)

3.3 Task Predictor and Relation Classifier

Each task is associated with its own prompt pool, designed
to adapt and learn from the samples specific to the task.
However, at test time, it becomes crucial to identify which
prompt pool corresponds to a new, unseen sample. To tackle
this challenge, we introduce a task predictor, denoted as g.
This predictor is a feed-forward MLP with an output dimen-
sion matching the total number of relations encountered thus
far (i.e., R ). Once trained, gy, is capable of predicting the
task identity, thereby facilitating the selection of the appro-
priate prompt pool during testing.

To train the task predictor, we utilize Gg described in Sec-
tion 3.2 to generate a representation set q" for each relation
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Algorithm 1: 7; training process

Input: Training ¢-th dataset D;, current relation set R
Output: Prompt pool P;, task predictor v, and relation clas-
sifier ¢

1: Randomly initialize Py

2: for e;q + 1 to training_epoch do

3 for batch x5 € D; do

4: Update P, and g4 on xp via equation (15)

5:  end for
6
7
8

: end for A
: Update Ry + Ri—1 URy
: for eachr € R; do

Dy <0, DL« 0

for batch xp € D] do

Update D, D’

end for

Fit G to D7 via equation (16)

Fit G, to Dj, via equation (17)
end for
Train the task predictor v via equation (18)
Train the relation classifier ¢ via equation (19)
return P, ¢, ¢

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

r € Ry. The task predictor is trained with the cross-entropy
loss function defined as:

=2 )l

reR, 1~Gy

exp(dy (@)[r])
2 er, exP(Gu(@)[r])

(18)

While our approach shares similarities with HiDe-Prompt
(Wang et al. 2023a) in utilizing an additional MLP head,
a key distinction lies in how relations are treated. HiDe-
Prompt categorizes all relations within a task as a single
class in the cross-entropy loss. This strategy can be subopti-
mal, as the resulting classes may lack semantic significance
and their meaning can depend on the sequence in which
tasks are presented during training.

In a manner analogous to the training of the task predictor,
we train the relation classifier g4 using G’ with the same
cross-entropy loss function defined as follows:

-y Y exp(gs(2)[r])

P A ST PR I )
t

19)

This approach helps to mitigate catastrophic forgetting in
the shared classification head without requiring the storage
of samples from previous relations. For a detailed overview
of the training process, please refer to Algorithm 1. The data
flow diagram illustrating the inference process is provided
in Figure 2.

4 Experiments
4.1 Experimental Settings

Datasets. To evaluate the effectiveness of WAVE-CRE
and the baseline models, we utilize two popular datasets:

* FewRel (Han et al. 2018) contains 80 relation types with
a total of 56,000 samples. Following the configurations



FewRel

Model T1 T2 T Ta Ts Te Tr Ts To Tio
EA-EMR 89.0 69.0 59.1 542 478 46.1 43.1 40.7 38.6 352
RP-CRE 979 9277 91.6 892 884 868 851 84.1 822 815
CRL 982 946 925 905 894 879 869 856 845 83.1
CRE-DAS 98.1 958 936 919 91.1 894 88.1 869 856 842
CDec+ACA 984 954 932 921 910 89.7 883 874 864 848
L2P 974 908 83.6 765 689 641 610 574 50.1 446
EPI 983 899 840 799 765 731 70.1 670 645 618
HiDe-Prompt | 95.5 89.4 86.0 857 878 842 759 751 703 672
WAVE-CRE 979 955 93.6 924 911 90.2 887 876 865 85.0
TACRED
Model T T2 T3 T4 Ts Ts Tz Ts To  Tio
EA-EMR 475 40.1 383 299 24 273 269 258 229 19.8
RP-CRE 97.6 906 86.1 824 798 772 751 737 724 724
CRL 97.7 932 898 847 84.1 813 802 79.1 79.0 78.0
CRE-DAS 97.7 943 923 884 866 845 822 81.1 801 79.1
CDec+ACA 97.7 928 91.0 867 852 829 808 80.2 788 78.6
L2P 969 882 738 686 663 631 604 59.1 56.8 548
EPI 97.5 90.7 827 767 740 723 682 665 651 634
HiDe-Prompt | 97.3 928 862 82.6 806 804 758 737 729 726
WAVE-CRE 984 943 916 878 857 835 813 804 795 78.7

Table 1: Average accuracy (%) of all methods across learning stages for FewRel and TACRED dataset. The best accuracy scores
under the rehearsal-free and rehearsal-based setting are in bold and underlined, respectively.

Task-Incremental Learning - TACRED

Model T1 T2 T Ta Ts Te Tr Ts To Tio
WAVE-CRE 984 955 942 941 927 899 883 87.6 865 852
w/o Prompt Pool | 96.8 940 929 915 90.6 88.0 86.1 849 844 834

Table 2: Detailed analysis of WAVE-CRE with task-specific prompt pool in the task-incremental learning scenario of TACRED.
We report the average accuracy across different stages. The best accuracy scores are in bold.

outlined in Wang et al. (2019), we split it into 10 non-
overlapping sub-datasets.

e TACRED (Zhang et al. 2017) consists of 42 relations
and 106,264 samples. We adopt the experimental settings
proposed by Cui et al. (2021) to partition the dataset into
10 distinct sub-datasets.

Baselines. We compare WAVE-CRE with recent
rehearsal-free and prompt-based continual learning
methods including L2P (Wang et al. 2022b), HiDe-Prompt
(Wang et al. 2023a), and EPI (Wang et al. 2023b). As these
methods were originally designed for computer vision, we
re-implemented them for CRE using BERT (Devlin et al.
2019) as the encoder. Additionally, we compare our method
with rehearsal-based CRE baselines including EA-EMR
(Wang et al. 2019), RP-CRE (Cui et al. 2021), CRL (Zhao
et al. 2022), CRE-DAS (Zhao, Cui, and Hu 2023), and
CDec+ACA (Xia et al. 2023).

Implementation Details. In this work, we used a sin-
gle NVIDIA A100 for all methods. We tune the hyper-
parameters for the proposed model using random search. We
maintained a consistent size for the prompt pool M across
all tasks. For baselines, we follow the identical experimental
settings employed by Zhao et al. (2022) to ensure fair com-
parisons. Our proposed model has in total 114M parameters.
Since we froze the BERT model, the number of learnable pa-

rameters is thus only 3.8M. Training on the FewRel dataset
took approximately 7 hours, while for the TACRED dataset,
it took approximately 3 hours using our method.

Evaluation Metrics. We use the same performance mea-
sures (mean accuracy on 5 different random seeds) as in
prior work (Zhao et al. 2022) for fair comparison.

4.2 Main Results

Table 1 summarizes the performance of all methods on
FewRel and TACRED datasets. We begin by comparing
WAVE-CRE with rehearsal-free and prompt-based meth-
ods for CRE. Notably, among all rehearsal-free meth-
ods, WAVE-CRE consistently outperforms across different
stages of training on both datasets. Particularly on the last
task 710, L2P and EPI exhibit substantially lower perfor-
mance, with a gap of up to 15% in final average accu-
racy compared to our method. This substantial difference
underscores the limitations of these existing approaches in
addressing catastrophic forgetting across diverse domains.
While HiDe-Prompt shows some improvements, it still ex-
periences performance losses of over 15% and 6% on
FewRel and TACRED, respectively. These losses can be at-
tributed to insufficient task-identity inference techniques, as
discussed in Section 4.3.

Furthermore, we evaluate WAVE-CRE against recent suc-
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Task Incremental Learning - TACRED

L K| i T2 T3 Ta Ts  Te T Ts  To T
8 1 1972 948 931 923 905 878 846 841 834 842
4 21977 955 949 912 907 880 865 863 853 84.1
2 4 1965 951 932 921 912 889 853 852 846 84.0
1 8 984 955 942 941 927 899 883 87.6 86.5 852

Table 3: Detailed analysis of the impact of the number of experts within a prompt. We report the average accuracy across
different stages on TACRED in the task incremental learning scenario. The best accuracy scores are in bold.

FewRel
Model T Tz T3 Ta Ts Te Tz Ts 7o T1o
EPI 645 628 644 649 645 644 644 59.1 61.1 56.6
HiDe-Prompt | 76.7 81.7 80.6 80.6 80.2 789 77.8 83.1 80.3 81.0
WAVE-CRE 885 862 869 864 852 869 87.7 860 854 825
TACRED
Model T Tz T3 Ta Ts Ts Tz Ts 7o T1io
EPI 642 588 662 553 640 621 67.8 620 624 625
HiDe-Prompt | 70.2 720 738 759 686 798 752 712 685 649
WAVE-CRE 838 795 842 762 804 748 79.7 693 83.7 815

Table 4: Task prediction precision for each task (%) at testing time after training the 10-th task, in comparison with some
rehearsal-free methods. The best accuracy scores are in bold.

cessful CRE methods, all of which are rehearsal-based. Re-
markably, without retaining training data or directly fine-
tuning BERT, WAVE-CRE achieves results nearly equiva-
lent to these state-of-the-art baselines on both datasets. No-
tably, in the FewRel dataset, our method surpasses the latest
rehearsal-based methods on the last task. This highlights the
significance and effectiveness of our approach.

4.3 Detailed Analysis

Task-specific Prompt Pool. To illustrate the efficacy of
task-specific prompt pools in capturing within-task varia-
tions compared to a single prompt approach, we conducted
experiments in the task incremental learning setting (van de
Ven, Tuytelaars, and Tolias 2022). In this setting, task iden-
tities are provided, ensuring the prompt pool remains iden-
tical during training and testing. Table 2 compares mod-
els trained with and without the task-specific prompt pool.
Here, “w/o Prompt Pool” represents using only a single task-
specific prompt per task. Our method, WAVE-CRE, trained
with the prompt pool, shows a 1.8% improvement on the
final task, demonstrating its effectiveness in enhancing the
model’s ability to capture within-task variations.

Number of Experts per Prompt L. Similarly, we investi-
gate the effect of different values of L in the task incremen-
tal learning scenario. The number of prompts selected, K,
was chosen to ensure a fair comparison by keeping the to-
tal number of experts across experiments equal. The results
are presented in Table 3. As discussed in Section 3.1, setting
L =1 allows for flexibility in expert selection and increases
the model’s expressiveness, as each expert has its own key.
This is empirically shown, as our proposal achieves the best
performance among different values of L.

Detailed Analysis of Task Predictor. We evaluate our
task-ID prediction technique against the baselines EPI and
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HiDe-Prompt, with results summarized in Table 4. EPI uses
BERT for task identification and Mahalanobis distance to se-
lect task-specific parameters, assuming pre-trained represen-
tations are well-separated—an unrealistic assumption given
their generic origin, leading to poor prediction accuracy. In
contrast, our method trains a dedicated task predictor on syn-
thesized query representations, significantly improving ac-
curacy. HiDe-Prompt adopts a similar strategy and improves
over EPI but groups all relations within a task as a single
class, which can be suboptimal (Section 3.3). WAVE-CRE
addresses this by using a task predictor with output dimen-
sions corresponding to the number of relations, achieving
up to 10% improvements on both datasets, showcasing our
strategy’s effectiveness.

5 Conclusion

In this work, we propose a novel framework called WAVE-
CRE for rehearsal-free continual relation extraction. Our
contributions focus on generating representations for re-
play, precise task prediction, and optimizing within-task
and cross-task variability via prompting. These strategies
address limitations of current state-of-the-art prompt-based
baselines for continual learning. Through extensive bench-
marks, we show our model consistently outperforms exist-
ing rehearsal-free methods and achieves competitive results
with advanced CRE methods. While our methods mitigate
catastrophic forgetting, challenges remain. Retaining knowl-
edge of past tasks is difficult, as seen in prior works. Despite
improvements using prompt pools for task-specific knowl-
edge, forgetfulness occurs when pools are not properly uti-
lized during testing. Additionally, while prompt pools en-
hance expressiveness, the current prefix-tuning experts are
relatively simple. Future work could explore more complex
expert designs to improve the model.
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