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ABSTRACT Lifelong language learning enables a language model to accumulate knowledge through
training on a stream of text data. Recent research on lifelong language learning is based on samples
of previous tasks from an episodic memory or generative model. LAMOL, a representative generative
model-based lifelong language learning model, preserves the previous information with the generated
pseudo-old samples, which are suboptimal. In this paper, we propose an improved version of LAMOL,MFK-
LAMOL, which constructs a generative replay using a more effective method. When a new task is received,
MFK-LAMOL replays sufficient previous data and retrieves important examples for training alongside the
new task. Specifically, it selects the examples with the most forgotten knowledge learned from previous tasks
based on the extent to which they include knowledge that has been forgotten after learning new information.
We showed that the proposed method outperforms LAMOL on a stream of three different natural language
processing tasks.

INDEX TERMS Lifelong language learning, natural language processing, catastrophic forgetting, a stream
of text data, generative replay.

I. INTRODUCTION
Artificial neural networks have successfully exceeded human
ability on narrow tasks such as image recognition, video
game play, and voice recognition [1]–[3]. However, these
models have had limited success when they are sequentially
trained with a stream of tasks [4]. While humans can contin-
ually learn new skills and accumulate knowledge throughout
their lifetimes [5], neural networks suffer from a catastrophic
forgetting; that is, training a model with new information
interferes with previously learned knowledge [6], [7]. To alle-
viate this problem, various approaches have been proposed
for continual lifelong learning. Lifelong learning models are
designed to accumulate interconnected knowledge between
learned tasks and maintain their performance of those
tasks.

Most research on lifelong learning applies to the vision
domain, but not natural language processing (NLP). How-
ever, we focus on lifelong language learning (LLL), where
a model addresses a stream of NLP tasks. LLL models have
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been carried out concerning how language models preserve
previously learned information to accumulate knowledge
and reuse it during training. To the best of our knowledge,
research on LLL has been conducted for only a few NLP
tasks. For sentiment analysis, [8] adopted a Bayesian opti-
mization framework based on stochastic gradient descent.
Reference [9] adopted a domain-independent neural con-
versational model and introduced a novel neural contin-
ual learning algorithm that allows a conversational agent to
accumulate skills across different tasks in a data-efficient
way. For lifelong word representation, [10] tried to expand
the new in-domain corpus by exploiting the corpora from
past domains via meta-learning. Reference [11] initialized
sentence encoders with the help of corpus-independent
features and then sequentially updated sentence encoders
using Boolean operations of conceptor matrices to learn
corpus-dependent features in lifelong sentence representa-
tion. For text classification, [12] was proposed in which
replay is adopted to prevent the rapid change of the weights
from the previous status. It investigated the performance of
the episodic memory system on NLP problems. This method
distills the knowledge from previous tasks into episodic
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FIGURE 1. Comparison between the overall frameworks of LAMOL and MFK-LAMOL. LAMOL (top)
depends on the pseudo-samples generated from the language model. It is in contrast with the
construction of generative replay of MFK-LAMOL (bottom). It consists of the selected examples based
on the proposed metric, which represents the amount of forgotten knowledge.

memory and replays it later. Finally, LAMOL [13] was pro-
posed to achieve LLL on fundamentally different tasks.

In this paper, we focus on LAMOL, which can prevent
catastrophic forgetting based on generative replay. It enables
a single model to train multiple NLP tasks through training
on a stream of data for different tasks and domains. Specif-
ically, it achieves LLL on fundamentally different tasks in
the form of a question-answering because many NLP tasks
can be considered question-answering [14]. LAMOL is a
method of training a single LM that learns not only to answer
the question given the context but also to generate the con-
text, the question, and the answer given a generation token.
In other words, a model plays the role of both the language
model and the question-answering model in LAMOL. Hence,
answering questions and generating pseudo-old samples can
be done using a single model. During LLL, these pseudo-old
samples are trained with new samples from new tasks to
mitigate catastrophic forgetting. However, LAMOL gener-
ates only a certain number of pseudo-samples and use them
to train the next task, so these samples are suboptimal for
previous tasks.

Therefore, we propose an MFK-LAMOL, an advanced
LAMOL with an efficient generative replay construction
method that ensures pseudo-old samples contain the most
forgotten knowledge for previous tasks. Specifically, our
method builds pseudo-samples by selecting examples based

on the extent to which they include knowledge that has
been forgotten after learning new information. Figure 1
illustrates the difference between the original LAMOL and
proposed MFK-LAMOL. When the LLL model received a
new task, a goal-oriented dialogue, after training the pre-
vious two tasks, new samples from new tasks are trained
with pseudo-old samples generated by the previous language
model in LAMOL. However, MFK-LAMOL generates suffi-
cient pseudo-old samples and selects the examples with the
most forgotten knowledge to train more optimal examples
for retraining the forgotten knowledge efficiently. To select
appropriate pseudo-old samples, we propose an MFK metric
that measures the extent to which previous information is
forgotten by the current model.

The remainder of this paper is organized as follows.
In Section 2, we briefly review lifelong learning. In Section 3,
we describe our proposed method to improve LAMOL with
the most forgotten knowledge. In Section 4, the experimental
settings are explained, followed by the experimental results.
Finally, we conclude our study in Section 5.

II. RELATED WORK
In this section, we briefly review the main approaches
of continual lifelong learning. Three approaches have
been developed as follows: regularization, architecture, and
replay-based approaches [4], [15]–[17].
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A. REGULARIZATION-BASED APPROACHES
Regularization-based approaches mitigate catastrophic for-
getting by consolidating the model parameters that are
important to previous tasks. Elastic weight consolida-
tion (EWC) [18] reduces the loss of previously learned
knowledge by reducing learning on the weights important for
previous tasks. It remembers previous tasks using a quadratic
penalty on the difference between the parameters for the old
and new tasks with the Fisher information matrix to represent
the importance of parameters. Synaptic intelligence (SI) [19]
rapidly stores new memories without forgetting old memo-
ries by accumulating task-relevant information and exploiting
this information. In SI, the importance of each parameter
is derived from its contribution to the change in the total
loss.Memory-aware synapses (MAS) [20] effectively prevent
overwriting essential parameters related to previous infor-
mation by constraining changes in these parameters. In this
process, the importance of the parameters is computed based
on the gradients of the model outputs, that is, the sensitivity
of the predicted output function in response to the changes in
these parameters.

B. ARCHITECTURE-BASED APPROACHES
Architecture-based approaches remember previous tasks by
expanding model architectures or allocating the capacity of a
fixed-sized model to each task. A progressive neural network
(PNN) [21] consists of multiple columns of a neural network
for each task. PNN enables knowledge transfer by utiliz-
ing prior knowledge from connections to previously learned
features. When a new task is received, a new column of
the neural network for the task is added and connected to
the frozen past trained columns to transfer knowledge from
old tasks. A dynamically expanding network (DEN) [22]
can transfer knowledge and train a new task by dynamically
deciding its network capacity according to the difficulty of
the task. DEN is efficiently trained online by performing
selective retraining, dynamic network expansion, and net-
work split/duplication. Specifically, selective retraining trains
only the parameters related to the task, and dynamically
expands network capacity using group sparse regularization,
and network split/duplication effectively prevents semantic
drift. PathNet [23] reuses subsets of a neural network to
transfer knowledge between tasks. Unlike PNN and DEN,
PathNet does not allow the model to expand. It builds a
huge fixed-size model and trains the best combination of
neural networks and paths between different layers of neural
networks for each task. PackNet [24] preserves previously
learned information by allocating the parameters employed
to learn new tasks in a fixed-size network. By performing
iterative pruning and network retraining, numerous tasks can
be sequentially packed into a single network.

C. REPLAY-BASED APPROACHES
Replay-based approaches alleviate catastrophic forgetting by
storing a few examples in old tasks or remembering the previ-
ous distribution and continually learning them with emerging

new tasks. Gradient episodic memory (GEM) [25] preserves
a subset of real samples from previous tasks that can transfer
knowledge across tasks. GEM constrains the gradients of the
parameters by training them with a new task. Averaged-GEM
(A-GEM) [26] is an improved version of GEM that is more
efficient in computation and memory while achieving the
same or better performance than GEM. Unlike GEM and
A-GEM, deep generative replay (DGR) [27] mitigates catas-
trophic forgetting by generating pseudo-samples based on
the distribution of previous tasks. The DGR is a dual-model
architecture consisting of a deep generative model and task
solver. Deep generative model generates pseudo-old samples
according to the previously learned distribution, and the task
solver solves the task by learning the new data and the gen-
erated ones together. In this way, training data from previous
tasks can be sampled based on the generated pseudo-data and
interleaved with information from the new tasks.

Among the three main approaches, replay-based appro-
aches have proven to be the most promising for NLP
tasks. MbPA++ [12] is an encoder-decoder architecture with
episodic memory. To achieve LLL, MbPA++ distills the
knowledge of previous tasks into sparse episodic memory
and replays it afterward. Local adaptation is performed dur-
ing the inference. LAMOL [13] is also an encoder-decoder
architecture, but it does not use any extra memory. LAMOL
mitigates catastrophic forgetting by means of pseudo-sample
generation, as it makes the model itself generate data from
previous tasks and use it when the model is trained on a new
task. Although it has the advantage of addressing the memory
problem, its main limitation is that it uses suboptimal data
generated from the model itself.

III. METHOD
In this section, we first demonstrate LAMOL [13], based on
which our proposedmethod is built. Next, we demonstrate the
proposed MFK-LAMOL, focusing on the generative replay
of LAMOL consisting of suboptimal pseudo-old samples.

LAMOL is a single LLL model comprising a language
model (LM) and question-answering model (QA). To address
a stream of different NLP tasks, data for various tasks
are transformed into a question-answering format used in
decaNLP [14]. These data consist of context, questions, and
answers. QA is trained to answer a question given a context,
and the LM is trained to generate a context, question, and
answer given a generation token.

To pursue LLL, LAMOL allows a single model not only
to answer questions but also to generate pseudo-old sam-
ples that follow the distribution of previous tasks. Before
training a new task, LM uses the generation token as
input and generates pseudo-samples representing the distri-
bution of previous tasks using top-k sampling. At this time,
the size of the generated samples is the size of new data ×
sampling ratio. LAMOL learns a new task based on a mixture
of pseudo-old samples and new data. During training, LM and
QA are simultaneously optimized, and the loss function is
a weighted sum of the text prediction loss for LM and the
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FIGURE 2. Overall framework of our proposed MKF-LAMOL method. When the t-th task is received, pseudo-old samples are sufficiently generated from
LM of the (t − 1)-th MFK-LAMOL trained on a stream of tasks of t − 1, {T1, T2, . . . , Tt−1}. From these samples, the model selects the top-k MFK samples
based on the proposed metric. Specifically, MFK samples have the most forgotten knowledge after training a new task. Once MFK samples are
determined, the model is trained on a mixture of new task and MFK samples.

question-answering loss for QA. Moreover, LM can use
GEN or TASK tokens for generation. The GEN token means
that the LM uses the same token for all tasks. In contrast,
TASK tokens are task-specific tokens for each task, and
thus all previous tasks have the same share of the generated
pseudo-samples. However, these samples are likely to be sub-
optimal because LAMOL generates only a certain number of
samples and uses all of them to train the next task. To alleviate
this suboptimality, we propose a more effective version of
LAMOL, called MFK-LAMOL.

MFK-LAMOL is LAMOL with effective pseudo-old sam-
ples, which enhances the way it constructs a generative
replay. To use more important previous data, we generated
sufficient pseudo-old samples and selected those with the
most forgotten knowledge for previous tasks. As shown
in Figure 2, when a new task is received, LM generates
pseudo-samples of the size of new data × sampling ratio ×
MFK ratio. They are used to draw important samples to
remember previously learned knowledge. In every epoch,
only the examples of the size of new data × sampling ratio,
which is the same as the previous samples used in LAMOL,
are extracted from these pseudo-old samples based on how
much important information is contained to preserve previous
tasks. Once MFK samples are determined, MFK-LAMOL is
trained on amixture of new data and pseudo-old samples with
the most forgotten knowledge.

The metric for selecting the MFK samples is as follows:

MFK metric =| L(fθ (x), y)− L(fθ ′ (x), y) |, (1)

where θ ′ = θ−α∇L(fθ (x), y), f is the QA ofMFK-LAMOL,
α is the learning rate in each epoch, and x and y are the
pseudo-sample and its label, respectively. The metric repre-
sents the change in loss before and after the gradient update
for each generated pseudo-sample x. The higher the value of
theMFKmetric, themore rapidly theMFK-LAMOL changes
when it learns from the previous example. In other words,
a pseudo-sample with a significant MFK metric contains
substantial previous information that the model has forgotten
while learning a new task. The absolute value is used for the
proposed metric because the change in loss can be negatively
affected by the learning rate. In this process, we improve
LAMOL with an efficient method to construct a generative
replay.

The key to alleviating catastrophic forgetting is the accu-
mulation of knowledge from previous tasks. To remember
previous tasks, the model should learn the previous data
distribution while training on a new task. In this process,
the importance of the information in generative replay deter-
mines the degree of preventing catastrophic forgetting. There-
fore, MFK samples can improve the performance of the
LAMOL. A complete view of MFK-LAMOL is presented in
Algorithm 1.

IV. EXPERIMENTS
A. EXPERIMENTAL SETUP
1) DATASETS
We evaluated the proposed method on a stream of multiple
NLP tasks. We conducted experiments on three disparate
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TABLE 1. Summary of datasets for LLL. Each dataset has a different task, size, and its own metric: EM is an exact match between texts, nF1 represents the
normalized version of the F1 score, and dsEM is a turn-based dialogue state exact match.

TABLE 2. Summary of averaged metric scores for each method with permuted task orders using models at the last epoch of the last task. Multitask
learning (bottom), in which all tasks are trained simultaneously, is an upper bound.

Algorithm 1MFK-LAMOL
Input: A stream of tasks {T1,T2, . . . ,TT }, Sampling ratio γ ,

MFK ratio ρ
Output: fθT
1: for t = 1 to T do
2: if t = 1 then
3: Train fθt on Tt
4: else
5: Generate pseudo-old samples St from fθt−1 , where

| St |= ρ(γ | Tt |)
6: for epoch = 1 to n do
7: Calculate the criterion for all pseudo-samples
8: Sort samples in descending order by criterion
9: Select top-k St for MFK examples Sepocht , where

k = γ | Tt |
10: Train f epochθt

on Tt ∪ S
epoch
t

11: end for
12: end if
13: end for

tasks introduced in decaNLP [14]: sentiment analysis, seman-
tic role labeling, and goal-oriented dialogue with a dataset for
each task. For each task, there is a corresponding evaluation
metric because they are fundamentally different tasks. Table 1
presents a description of the datasets used in our experiments.
Moreover, we follow the same procedure as LAMOL [13] to
produce equal-sized datasets.

2) MODELS
We evaluated the effect of our proposed method by compar-
ing LAMOL and MFK-LAMOL. We conducted experiments
under the same experimental settings as LAMOL [13]. Both
methods use the smallest pre-trained GPT-2 [28] for LM.
MFK − LAMOLγtoken denotes our proposed method with a
token and a sampling ratio of γ . token is chosen between

GEN and TASK , indicating that a task-general or task-
specific token, respectively. The sampling ratio γ is set to
0.05 or 0.2, corresponding to the experimental settings for
LAMOL. In all experiments on MFK-LAMOL, the MFK
ratio ρ is set to 3. Moreover, multitask learning is used to
be compared. It is the method where all tasks are trained
simultaneously. Multitask learning is often seen as an upper
bound of LLL. All baseline numbers are reported in [13].

B. RESULTS
1) LIFELONG LANGAUGE LEARNING
We conducted a LLL experiment on three small datasets SST,
QA-SRL, and WOZ in the form of a question-answering.
We trained our proposed method on all six permutations of
the task order and all four combinations of the two tokens
and two sampling ratios. The final score for each order
was averaged metric scores for all three datasets because
each task has a different metric. At this time, we evaluated
the model at the last epoch of the last task after training
on a stream of all three datasets. The results are shown
in Table 2.
When the proposed method was applied to the LAMOL,

the performance improved significantly in the overall set-
ting. In the case of MFK − LAMOL0.05TASK , the proposed
method produced the greatest improvement in the perfor-
mance of LAMOL at 3.3%. From these results, we can
conclude that the use of the most forgotten knowl-
edge is significant in preventing catastrophic forgetting.
MFK − LAMOL0.2GEN , our best performing method, outper-
formed multitask learning, which is considered as the upper
bound of LLL, under many task sequence combinations. This
implies that MFK − LAMOL0.2GEN has almost no catastrophic
forgetting during LLL. Moreover, MFK-LAMOL showed
similar results to LAMOL with respect to the change in
γ and token. MFK-LAMOL exhibited improved performance
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FIGURE 3. Overall catastrophic forgetting progress of the proposed method on the permuted task orders with different
settings. The blue line indicates the scores for the first task after training each task sequentially. The red line corresponds
to the scores for the second task.

at higher values of γ . token showed different results according
to γ inMFK-LAMOL.When γ is large, the proposedmethod
is likely not to depend on token. In contrast, the task-specific
tokens had a positive effect on both methods because the
tokens caused the generative replay to retrain a substantial
portion of the first task.

2) CATASTROPHIC FORGETTING
We confirmed the progress in mitigating catastrophic for-
getting with MFK-LAMOL and compared it with LAMOL.
The results are shown in Figure 3, and those of the LAMOL
are shown in Figure 5 in [13]. These figures show how
the performance of the first and second tasks changed
after learning the next tasks. Overall, MFK-LAMOLs
tended to significantly preserve previously learned knowl-
edge. When WOZ was the first task, MFK − LAMOL0.05GEN
faced catastrophic forgetting similar to LAMOL. However,
MFK − LAMOL0.05TASK , whose performance was significantly
higher than that of LAMOL0.05TASK , considerably alleviated
catastrophic forgetting. Furthermore, the order of tasks
is crucial to the performance of LAMOL. For instance,
the WOZ score dropped significantly after training in
other tasks when WOZ was not the last task. In contrast,
MFK-LAMOL solved this problem, except in the setting of
MFK − LAMOL0.05GEN . It is considered that selecting the MFK
samples from sufficiently generated samples can enhance

the suboptimality of LAMOL. Finally, backward knowl-
edge transfer was shown in the case of WOZ-SRL-SST for
all models except MFK − LAMOL0.05GEN . Backward knowl-
edge transfer means that the model achieves improved
performance on previous tasks after learning a new task.
Therefore, the WOZ scores improved after learning other
tasks.

3) EFFECT OF PARAMETER
In this section, we investigate the effects of the MFK
ratio ρ, which is the only hyperparameter introduced
by MFK-LAMOL. All experiments were performed using
MFK − LAMOL0.2GEN , which is the best performing method.
The main objective of this ablation study is to investi-
gate how MFK-LAMOL responds to different ρ values:
the larger the ρ value, the more pseudo-old samples are
selected in every epoch. Note that if we increase the num-
ber of pseudo-old samples, it is more likely to select
near-optimal samples, but the computational cost, that is,
training time, is also increased. Figure 4 shows the results
obtained using the three different MFK ratios. These results
show that a larger MFK ratio improves the performance of
the proposed method by increasing the possibility that the
optimal samples should be retrained. In our experiments,
we used ρ = 3, considering both performance and training
time.
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FIGURE 4. Effect of MFK ratio ρ based on MFK − LAMOL0.2
GEN . MFK ratio is set to three different value {2,3,4}. Each point in (a) is averaged

metric scores for each task inferenced from the model with a different MFK ratio. Average training times of the six orders for each MFK ratio
are shown in (b).

V. CONCLUSION
Lifelong continual learning is an important research area to
reach artificial intelligence of human level. Therefore, numer-
ous studies have been conducted, and recently great progress
has been made owing to the rapid development in images and
games. However, only a few researches have been proposed
on LLL. Therefore, we focus on LLL and improve LAMOL,
the representative LLL model. LAMOL is an effective LLL
method that does not require additional memory or model
capacity based on language modeling. LAMOL is a lan-
guage model that simultaneously learns to solve the tasks
and generate training samples. When the model is trained
on a new task, LAMOL replays pseudo-samples of the old
tasks and uses them with the data for the new task. However,
these generated samples are likely to be suboptimal because
LAMOL generates only as many samples as needed and uses
all of them for training new tasks.

Therefore, we propose MFK-LAMOL, which uses
pseudo-old samples that can effectively preserve previ-
ous tasks based on LAMOL. These samples contain a lot
of old knowledge that has been forgotten while training
for new task. Specifically, when MFK-LAMOL begin to
train new task, it sufficiently generates pseudo-samples
and selects the best examples that can efficiently remem-
ber the forgotten knowledge based on the proposed MFK
metric. From this process, we improve LAMOL by alle-
viating the suboptimality problem of LAMOL. Moreover,
we showed that the proposed method outperforms LAMOL
on a stream of three different NLP tasks. It implies that
retrieving the examples can alleviate catastrophic forgetting
efficiently.
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