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[Abstract]

In this paper, we propose a conversational Al agent based on continual learning that can continuously
learn and grow with new data over time. A continual learning-based conversational Al agent consists of
three main components: Task manager, User attribute extraction, and Auto-growing knowledge graph. When
a task manager finds new data during a conversation with a user, it creates a new task with previously
learned knowledge. The user attribute extraction model extracts the user’s characteristics from the new task,
and the auto-growing knowledge graph continuously learns the new external knowledge. Unlike the existing
conversational Al agents that learned based on a limited dataset, our proposed method enables
conversations based on continuous user attribute learning and knowledge learning. A conversational Al
agent with continual learning technology can respond personally as conversations with users accumulate.
And it can respond to new knowledge continuously. This paper validate the possibility of our proposed

method through experiments on performance changes in dialogue generation models over time.
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I. Introduction
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II. Related Work

1. Continual Learning

Table 1. Method classification by related work

Related Work

Method Classification

Dynamic architectures approaches
Regularization approaches

L t, T.

esort, . Rehearsal approaches

et al. [D] ;
Generative replay approaches
Hybrid approaches
Replay methods

De Lange, M, eplay L

et al. [4] Regularization-based methods

) Parameter isolation methods

Regularization based methods
Knowledge distillation based methods
Memory based methods

Qu, H., .
Generative replay based methods

et al. [7]

Parameter isolation based methods
Combination of multiple categories of
methods

Biesialska, M.,
K. Biesialska,
and M.R.
Costa-Jussa
[8]

Rehearsal methods
Pseudo-rehearsal methods
Regularization methods
Memory methods

Knowledge distillation methods
Architectural methods

Ours

Rehearsal methods
Regularization-based method
Architectures methods
Hybrid methods
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Table 2. Applications of the proposed platform

Rehearsal Method

The  rehearsal methods  reproduce
historical data while learning new tasks to
alleviate forgetting of previous task
samples.

Definition

DGR[9], MeRGN[10]*, MER[11]*,

Related Work iCaRL[12]*, CloGAN[13]*, VCL[14]#

Regularization Method

The regularization methods modify the

Definition update of weights on learning to
maintain previously learned knowledge.
EWCI[15], SI[16], MeRGN[10]*, MER[11]*,
Related Work iCaRL[12]*, CloGAN[13]*, ART[17]t,

LwF[18]t, VCL[14]¥

Architectural Method

The architectural methods  prevent
catastrophic  forgetting by  applying
different model parameters to each task.

Definition

Related Work PNN[19], FearNet[20], CWR[21], AR1[17]1,

LwF[18]t, VCL[14]¥
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1.3 Architectures methods
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III. Conversation Al agent based on
Continual Learning

1. Motivating Example
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Fig. 1. Motivating example of the conversational Al agent based on continual learning

2. Preliminaries
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