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Abstract

Human guides in museums and galleries are professionally
trained to stimulate informal learning in visitors by asking
low-risk, open-ended reflective questions that enable them to
focus on specific features of artifacts, relate to prior expe-
riences, and elicit curiosity as well as further thought. We
present ArtMuse, our Al-powered chatbot for asking reflec-
tive questions in context of paintings. Our reflective question
generation model in ArtMuse was trained by applying a novel
combination of existing models for extractive question an-
swering and open-domain chitchat. User evaluation studies
indicate that we are able to generate fluent and specific re-
flective questions for paintings that are highly-engaging.

Introduction

GLAMSs (Galleries, Libraries, Archives, and Museums)
present an opportunity for Al applications to bridge the
gap between the highly engaging human docents and pas-
sive classical audio guides (Schaffer et al. 2018; van Strien
et al. 2022). To this end, several recent works have focused
on building quizzes, game-style interfaces, and question an-
swering (QA)-based chatbots using expert-written passages
and other metadata of the artefacts for enabling visitor inter-
action and enhancing their visit experiences (Boiano et al.
2018; Ueta et al. 2021; Gollapalli et al. 2022).

Museum experience studies have, however, consistently
shown that users are often reluctant to ask questions even
though they may be curious. Museum education researchers
have thus recommended for human docents to proac-
tively initiate visitor engagement through low-risk, open-
ended questions that prompt them to look closer and dig
deeper (Templeton 2011; Othman 2012). To this end, hu-
man docents often employ reflective questions that—rather
than “test knowledge”—aim to stimulate informal learning
in visitors by bringing their attention to specific aspects of
the artifacts, evoking visitors’ own prior experiences, and
eliciting further thought and reflection (Burnham and Kai-
Kee 2011; Diamond, Horn, and Uttal 2016).

Reflective questions are different from answer-seeking
questions, which is the dominant focus of current question
generation and conversational Al systems (Lu and Lu 2021;
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Gao, Galley, and Li 2019). As an example, consider a sen-
tence from a passage! on the painting titled “Adoration of the
Child” by the artist Filippino Lippi. Table 1 shows a ques-
tion generated using a state-of-the-art Question Generation
(QG) system ProphetNet (Qi et al. 2020), and a reflective
question generated by ArtMuse, our prototype system.

Sentence: The tenderness between mother and child is
moving; she is no longer depicted as a remote and
inaccessible figure , and her face is reminiscent . . .
Question from ProphetNet: In adoration of the child,
what is the mother no longer depicted as?

Question from ArtMuse: Do you think the painting
conveys the tenderness between mother and child?

Table 1: Example for Illustration

ArtMuse engages with gallery visitors over a multi-turn
session for each given painting. For every turn, relevant in-
formation on the painting is presented for viewer consump-
tion along with a suitable reflective question as a follow-up
prompt. In this manner, viewers not only learn more about
the painting via the presented information (as in traditional
learning), but are also able to indulge in further thought and
analysis as prompted by the reflective question.?

Do you know ?
| see, interesting

The tendemess between mother and child is moving : she is no longer
depicted as a remote and inaccessible figure , and her face is
reminiscent of the face of Lippi ‘s own mother , Lucretia Buti, who
appears in many of Fra Filippo 's paintings

Do you think painting conveys The tendemess between mother and
child?

'K;.%

Adoration of the Child (1483)

Figure 1: Reflective Questions in ArtMuse.

"https://www.britannica.com/list/25-famous-paintings-to-see-
the-next-time-youre-in-florence
2Our demo available at https://nlp-platform.online/artmuse



Learning Reflective Question Generation

In current practice, QG model learning involves the use of
large pre-trained language models that are fine-tuned on
novel datasets (Li et al. 2021). However, while question
generation has been a prominent subject of recent NLP re-
search (Lu and Lu 2021), none of the available QG datasets
contain reflective questions required to fine-tune models
for our setting (Rajpurkar et al. 2016; Reddy, Chen, and
Manning 2019; Ko et al. 2020; Svikhnushina et al. 2022).
Instead, only general guidelines for reflective questions are
available as part of art appreciation and docent education
manuals.® How can we employ currently available NLP
systems for related problems to build a suitable dataset
for learning Reflective Question Generation (RQG) in Art-
Muse? We address the above question with the following
approach:

Candidate Text Span and Type Extraction Consider
the example in Table 1. Using a Reading Comprehension
(RC) question such as “What feelings are portrayed in this
painting?” on the associated passage, currently available ex-
tractive QA systems are able to extract the span “tenderness
between mother and child” as the answer. Considering this
span comprises an answer to a question on emotion/feelings,
we can create a reflective question such as “Do you feel
the tenderness between mother and child in the painting?
Based on this insight, we used the available art appreciation
guides to curate a list of 33 questions that can be used with
existing extractive QA systems. Our list of questions can
be broadly categorized into five types referring to the main
theme, visual aspects, emotions, background context, and
the stylistic aspects of paintings. For each of these curated
extractive questions, we also compiled exemplars and
templates for generating reflective questions using rules.*

Candidate spans obtained with extractive QA when used
in the rule-based model do not always result in well-formed
sentences and depending on the accuracy of the extracted
answers, they could be wrong. For example, our QA model
incorrectly extracted “Virgin” as an answer to the question
“What colors were used in the painting?” for one of the
passages in our dataset resulting in a rule-based question
such as “What did you think of the Virgin color used in the
painting?”. Such errors are mitigated in deep learning based
text generation when pre-trained language models trained
on large-scale corpora are incorporated. We therefore har-
ness large pre-trained language models and fine-tune a deep
learning model for our RQG task while using the rule-based
questions in a data augmentation setting to generate the
required training data.

Data Augmentation Since real chat sessions with
human-generated reflective questions are unavailable, we
adopt the following data augmentation strategy for generat-
ing synthetic visitor interaction sessions in ArtMuse (Feng

3https://www.terraamericanart.org/tools-for-
teachers/discussing-art-and-common-core-anchor-standards/

* All resources, details of experimental settings, and results are
available at https://github.com/NUS-IDS/painter/tree/artmuse
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et al. 2021). In a synthetic session, sentences from painting
passages are presented in a sequence over multiple turns and
in every turn, one of candidate text spans from the sentence
is selected randomly along with a randomly-chosen reflec-
tive question from our rule-based model. Next, we mimic
visitor response to the presented sentence and question by
employing a chitchat dialog model (Roller et al. 2021). We
used data from these synthetic sessions to train our RQG
model. By incorporating viewer utterances and randomness
in the choice of rule-based questions as part of the training
input, our model is able to go beyond the rule-based model
and learns to generate different reflective questions for dif-
ferent viewer utterances, where possible. A snapshot of Art-
Muse in action is shown in Figure 1.2

Models and Datasets: We used the painting passages
from previous work (Gollapalli et al. 2022) for generating
synthetic sessions for training our RQG model. The chitchat
dialog model used in the data augmentation step was trained
on the PersonaChat dataset (Zhang et al. 2018). In both
cases, we fine-tuned the Text-to-Text Transfer Transformer
or the TS model (Raffel et al. 2020).5 To ensure correctness
of the answers extracted by our QA system while generat-
ing synthetic sessions, we applied textual entailment using
answer containing sentences and only consider answers that
meet an entailment confidence threshold.® RoBERTa-based
models (Liu et al. 2019) from AllenNLP’ and HuggingFace®
were used for textual entailment and QA, respectively.

User Evaluation Results: We performed a user evalua-
tion study of the questions generated by our RQG model.
Approximately twenty questions each for the five types
(main theme, visual aspects, emotions, background context,
and stylistic aspects) were rated by crowdworkers on the an-
notation platform, Amazon Mechanical Turk. Each question
was independently examined by five workers, who rated the
generated questions on a Likert scale (Amidei, Piwek, and
Willis 2019) from 1 (very poor) to 5 (very high) for fluency,
relevance, engagingness, and specificity.” The averaged rat-
ings from the crowdworkers are around the medium range
indicating that our model is able to generate reasonably flu-
ent, relevant, and engaging questions using specific content
from the painting passages. In particular, questions related
to emotions and moods captured in the paintings were found
to be the most engaging and those on the artist’s background
and context were found to be the least engaging. About 81%
of the questions had medium to high specificity, and overall,
questions with higher specificity also had higher fluency, rel-
evance, and engagingness scores.
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