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ABSTRACT KEYWORDS

Advances in conversational Al have the potential to enable
more engaging and effective ways to teach factual knowl-
edge. To investigate this hypothesis, we created QuizBot, a
dialogue-based agent that helps students learn factual knowl-
edge in science, safety, and English vocabulary. We evaluated
QuizBot with 76 students through two within-subject studies
against a flashcard app, the traditional medium for learning
factual knowledge. Though both systems used the same al-
gorithm for sequencing materials, QuizBot led to students
recognizing (and recalling) over 20% more correct answers
than when students used the flashcard app. Using a conver-
sational agent is more time consuming to practice with; but
in a second study, of their own volition, students spent 2.6x
more time learning with QuizBot than with flashcards and
reported preferring it strongly for casual learning. Our re-
sults in this second study showed QuizBot yielded improved
learning gains over flashcards on recall. These results sug-
gest that educational chatbot systems may have beneficial
use, particularly for learning outside of traditional settings.
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Figure 1: Screenshots of QuizBot: (left) a user just answered
a question correctly by typing an answer, (right) feedback
was given to a user’s incorrect answer.
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1 INTRODUCTION QuizBot was inspired by previous studie8, [L3 2 to lever-

A great deal of learning involves factual knowledge (e.g., nu- 2de thepersona e ecthe strong positive impact of animated
merous topics in medicine, language, and law). Further, such 29ents on learning experience [38]. _
information is often learned outside of a formal classroom ~ To determine the impact of QuizBot on learning, we evalu-
setting. Developing more e ective automated methods for atéd it against a carefully designed ashcard app, the typical
accelerating or improving factual learning therefore has the Medium for learning factual knowledge, through two con-
potential to bene t a multitude of students on a broad scale. trolled within-subject studies. We aimed to closely match
Traditional electronic tools for practicing factual knowl-  the ashcard app to QuizBot in order to target assessment at
edge tend to be ashcard basedlq 29 30. Flashcard apps the impacts of the conversational components. Speci cally,
are simple and can be easily designed to provide personalized the ashcard app used the same DASH algorithm for adap-
adaptive practice based on well-studied models of human {ive question selection, and a single pool of questions and
memory [14, 50, 55. However, to optimize for speed, ash- answers was subdivided for the ashcard app and QuizBot.
cards typically involve passive learning (i.e., the user is asked I the rstwithin-subject study with 40 students, when
to visualize the answer and then check for correctness). This the number of practice items was held constant for both
may not fully take advantage of theesting e ect(retrieval ashcards and QuizBot, students scored substantially better
through testing with proper feedback¥g. As shown in on recal_l ( II—in-the—bIank) and rgcognitipn (multiple-choice)
many previous studies, retrieval practices like testing lead to With QuizBot than for items trained using ashcards (66.3%
higher retention than purely studying via even multiple pas-  VS: 45.2% for recall and 87.2% vs. 65.8% for recognition). How-
sive means of self-evaluatioi[34, 47). Feedback received ~ €Ver, the time taken was longer with QuizBot than ash-
from test results further improves retention [3, 37]. cards. In the second within-subject study with 36 students,
Moreover, ashcards are not typically designed to be en- We allowed learners to voluntarily allocate their time be-
gaging, making their e ectiveness heavily dependent on peo- tWween Fhe two apps. We found students spent 2.§x more time
ple's desire to learn. Research con rms engagement can me- O QuizBot, and that students performed equivalently on
diate learning e ectivenesst, 27, especially for technology- recognizing items but signi cantly better with QuizBot at
based learning6. A more engaging way to learn factual recall (with an e ect size of .45). These results suggest that
knowledge could therefore lead to better learning outcomes. QuizBot is more engaging to use and more e ective at recall
One possible path towards boosted engagement is using and eq.ually e ective at recog.nition in typical user—driven
Natural Language Processing (NLP) powered chatbots, which SCenarios. In normal use, QuizBot may be less e cient per
are becoming increasingly sophisticate2] 5. For exam- unit time, but still yields improved learning on recall due to
ple, such systems enable students to speak or type out their USers voluntarily choosing to use it substantially more.
answers during a two-way dialogue and receive targeted This work has three chief contributions. First, QuizBot
feedback from NLP techniques interpreting the spoken or IS the rst chat-based learning system for factual knowl-
written words. This new interaction for learning factual ~©dge memorization outside of classroom settings. Moreover,
knowledge may be much more motivating and engaging, e show its e ectiveness and engagement through rigorous
and may also be more e ective at providing adaptive feed- comparison studies with a traditional learning tool for knowl-
back and promoting deeper learning [11]. edge memorization, and our results demonstrate bene ts of
Given this potential for conversational approaches to en- using chatbots to learn factual knowledge, especially for ca-
hance learning, we designed and built QuizBot, a dialogue- sual learning. La:'stly, our results also reveal ir_1e ciencies .of
based adaptive learning system for students to learn and chat-based learning systems, and we o er design suggestions
memorize factual knowledge in science, safety, and advanced for building improved future educational chatbot systems.
English vocabulary. These three subjects were chosen be-
cause they cover diverse topics in medicine, language, and 2 RELATED WORK
rules. They can represent important supclasses of factual oyr work was built upon previous studies on natural lan-
knowledge that are usually learned outside the classroom guage tutoring systems, semantic similarity algorithms, and

setting. o _ ~memory models.
On the technical side, QuizBot leverages the supervised

Smooth Inverse Frequency (SIF) algorithghfor automatic
answer grading and the DASH mode3§ for adaptive ques- ] ] i )
encouraging tutoring agent that provides targeted feedback community traditionally uses the phrassnversational agent

to learners based on their inputs (see Figure 2). The design of for conversational systems and leaves chatpot for a subset
of systems mostly handling casual conversati@8j. In our
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