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Message from the General Chair

The 15th International Workshop on Spoken Dialogue Systems (IWSDS 2025) was held on 27-30 May
2025, in Bilbao, Spain. This year’s conference theme was ‘“Conversational Systems for Emotional
Support and Customer Assistance''. The IWSDS conference series constitute a consolidated forum
where international researchers, practitioners and stakeholders working in the field of spoken dialogue
systems and associated technologies, can disseminate their current research and applications, discuss
technological challenges, present their success stories and share their complementary visions about the
future of the technology. IWSDS 2025 was grounded on the experience and knowledge generated in the
previous editions:

* IWSDS’09 (Irsee, Germany),

* IWSDS’10 (Gotemba Kogen Resort, Japan),

* IWSDS’11 (Granada, Spain),

e IWSDS’12 (Paris, France),

* IWSDS’14 (Napa, USA),

e IWSDS’15 (Busan, Korea),

¢ IWSDS’16 (Saariselkd, Finland),

* IWSDS’17 (Farmington, PA, USA),

* IWSDS’18 (Singapore, Singapore),

* IWSDS’19 (Siracusa, Italy),

* IWSDS’20 (Madrid, Spain),

* IWSDS’21 (Singapore, Singapore),

* IWSDS’23 (Los Angeles, USA) and

* IWSDS’25 (Sapporo, Japan).
The conference invited and received paper submissions on the following topics:

* User engagement and emotion in dialogue systems

* Proactive, anticipatory, or incremental interaction

* Use of humor and metaphors in dialogue systems

* Multimodal and situated dialogue systems

* Companions and personal assistant dialogue systems

* Educational and healthcare applications

* Big data and large scale dialogue systems

 Digital resources for interactive dialogue management

* Domain transfer and adaptation techniques for dialogue systems
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* Dialogue systems for low-resource languages

* Multilingual dialogue systems

* Dialogue system evaluation

* Machine learning for dialogue systems

* Interaction styles in dialogue systems

* LLM:s in task-oriented dialogue systems

* LLM:s for context tracking and management in dialogue systems

* Ensuring safety and explainability in LLM-powered dialogue systems

* Grounded, personalized and adaptive response generation in dialogue systems

» Mitigating harmful, toxic, or biased language generation in dialogue systems

* Large-scale, high-quality dialogue corpora collection, annotation, labeling and evaluation

* Integration of Al-based consciousness and awareness capabilities on computational systems

* Ethical considerations for Al-based systems
However, submissions were not limited to these topics, and submission of papers in all areas related to
spoken dialogue systems was encouraged. The contributions were grouped into four categories: a) long
research papers targeting reports on mature research results, b) short research papers targeting smaller
case studies or ongoing but interesting and original research efforts, ¢) position papers to present novel
research ideas or viewpoints which describe trends or fruitful starting points for future research and elicit

discussion and finally d) demo submissions—system papers to demonstrate innovative or industrial-based
research.

In addition, the Industrial Track invites contributions showcasing the implementation of novel and robust
real-world applications of spoken dialogue systems. We encourage contributions that bridge research
and practice, emphasizing robust implementation strategies and lessons learned from deployment in
industrial or commercial settings. Submissions should highlight practical advancements and address
challenges in areas such as, but not limited to:

* Innovative applications: new use cases and industries benefiting from spoken dialogue systems

* Efficient training and deployment: approaches for rapid, scalable, and resource-efficient model
development

» Scalable, fast and cost-effective implementation: strategies enabling effective operation in
resource-constrained or large-scale scenarios

* Human-in-the-Loop strategies: integration of human expertise to enhance system learning and
performance

* Ethical and responsible systems: addressing fairness, transparency and societal impact in real-
world applications

The program included three keynotes by renowned international experts:
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* “From Call-Flows to Agentic Spoken Dialog Systems for the Enterprise” by Roberto Pieraccini,
Vice President, Chief Scientist, Head of Al at Uniphore, USA

* “Al Will Rock You: Charisma, Humour, and the Future of Conversational AI” by Bjorn W.
Schuller, Imperial College London, UK / Technical University of Munich, Germany

* “From Fluency to Reality: Conversational Grounding and Human-AI Dialogues Revisited” by
Kristiina Jokinen, Artificial Intelligence Research Center, Tokyo, Japan

IWSDS 2025 received a total of 45 submissions, where each submission was reviewed by at least three
Program Committee members. The committee decided to accept a total of 37 papers distributed as
follows: 26 papers for the General Track, 5 demo paper, 4 papers for the industrial track and 2 position
papers.

The organizers of the conference would like to thank the IWSDS Steering Committee and the more than
100 members of the IWSDS 2025 Scientific Committee for their timely and efficient contributions and
for completing the review process on time. In addition, we would like to express our gratitude to the
members of the Local Committee who highly contributed to the success of the workshop, making it an
unforgettable experience for all participants. Thank you all for your logistic support; without it IWSDS
2025 would not have been such a remarkable conference.

With our highest appreciation,

Maria Inés Torres
Yuki Matsuda

Zoraida Callejas
Arantza del Pozo

Luis Fernando D’Haro
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Abstract

Explanatory dialogue systems serve as intuitive
interface between non-expert users and explain-
able AI (XAI) systems. The interaction with
these kind of systems benefits especially from
the integration of structured domain knowledge,
e. g., by means of bipolar argumentation trees.
So far, these domain-specific structures need to
be created manually, therewith impairing the
flexibility of the system with respect to the do-
main. We address this limitation by adapting
an existing pipeline for topic-independent ac-
quisition of argumentation trees in the field of
persuasive, argumentative dialogue to the area
of explanatory dialogue. This shift is achieved
by a) introducing and investigating different
formulations of auxiliary claims per feature of
the explanation of the Al model, b) exploring
the influence of pre-grouping of the arguments
with respect to the feature they address, c¢) sug-
gesting adaptions to the existing algorithm of
the pipeline for obtaining a tree structure, and
d) utilizing a new approach for determining
the type of the relationship between the argu-
ments. Through a step-wise expert evaluation
for the domain titanic survival, we identify the
best performing variant of our pipeline. With
this variant we conduct a user study compar-
ing the automatically generated argumentation
trees against their manually created counterpart
in the domains fitanic survival and credit ac-
quisition. This assessment of the suitability of
the generated argumentation trees for a later
integration into dialogue-based XAl systems as
domain knowledge yields promising results.

1 Introduction

Explainable artificial intelligence (XAI) is recently
gaining considerable attention as a means to im-
prove the transparency of Al models and therewith
enabling humans to understand the decisions made
by them (Adadi and Berrada, 2018). However, due
to the complexity of Al-based systems, it can be
challenging to provide XAl explanations that are
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comprehensible also to non-expert users. By in-
tegrating XAl explanations into human-machine
dialogue, users can ask clarifying questions and
receive tailored explanations (Miller, 2019). In ad-
dition, the combination with domain knowledge
has the potential to foster a deeper understanding
of the behavior of the Al system (Feustel et al.,
2024). We follow this line of research by intro-
ducing an automatized approach for the retrieval
of the required domain knowledge from arbitrary
documents. Viewing explanatory reasoning as ar-
gumentative (Mercier and Sperber, 2011), we en-
code the domain knowledge as bipolar argumenta-
tion trees (Stab and Gurevych, 2014) for the use
in explanatory dialogue systems. Within these tree
structures, the domain knowledge is encoded as ar-
guments with supporting or attacking relationships
among each other.

While the integration of domain knowledge can
be beneficial for explanatory systems, the manual
effort for creating structured domain knowledge im-
pairs the flexibility of a corresponding system with
respect to the domains it can provide meaningful
explanations for. To overcome this limitation and
therewith make the integration of domain-specific
knowledge more feasible, we propose a modular
pipeline based on argument search (Ajjour et al.,
2019) for automatically generating argumentation
trees modeling the domain knowledge.

Given a domain, a set of features that are uti-
lized in the XAI explanations, and a collection
of document that contains the information for
the domain knowledge, we automatically generate
domain-specific argumentation trees for XAl dia-
logues by adapting the pipeline proposed by Rach
et al. (2021) to the field of explanatory dialogue.
Through an expert evaluation, we identify the best
configuration of our pipeline. In addition, we evalu-
ate our overall approach by manually generating ex-
planatory dialogues according to the formal model
by Madumal et al. (2019) with human- as well as
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automatically generated domain knowledge. A user
study assessing the coherence of the generated dia-
logues, yields promising results for including the
automatically generated tree structures into actual
dialogue-based XAl systems. Additionally, we dis-
cuss the dependence of the results on the given col-
lection of documents and the way the structured do-
main knowledge is utilized in the dialogue model.

The remainder of this work is organized as fol-
lows: Section 2 gives an overview over related
work and Section 3 details our approach to the auto-
matic generation of structured domain knowledge.
After identifying the best performing configuration
of our pipeline in Section 4, Section 5 evaluates our
approach in a user study. We discuss our results in
Section 6, before concluding in Section 7.

2 Related Work

Current dialogue-based XAI systems primarily
function as question-and-answer (Q&A) systems
that provide explicit verbalizations of the explana-
tions generated by XAl methods (e. g., Slack et al.
(2023); Feldhus et al. (2023)). While these sys-
tems are effective in providing direct insights, they
lack the integration of additional domain-specific
information, which has the potential to enhance the
context and relevance of the explanations.

Incorporating domain-specific information into
XAl itself is not a new idea. Pesquita (2021)
demonstrated how knowledge graphs derived from
ontologies can be utilized to create semantic expla-
nations. Similarly, Bove et al. (2021) integrated
domain-specific information into visual explana-
tions, with annotations provided by domain experts.
These approaches illustrate the potential of leverag-
ing domain knowledge to enhance the interpretabil-
ity of Al systems.

While knowledge-based dialogue is a well-
established research field encompassing a variety
of approaches and applications (Flycht-Eriksson,
1999; Chen et al., 2017), the connection between
such knowledge-based dialogue systems and XAI
so far remains mostly unexplored. To the best of
our knowledge, the only work exploring this con-
nection is Feustel et al. (2024). They employ bipo-
lar argumentation trees within a dialogue-based
XALI system to provide access to domain knowl-
edge during conversational exchange. Their pilot
study shows that incorporating domain knowledge
not only improves the overall dialogue experience
but also enriches the accessibility and utility of the

explanations within the system. Since they created
the structured domain knowledge through manual
annotation, their system can benefit from the herein
presented work.

3 From Documents to Structured Domain
Knowledge

The pipeline by Rach et al. (2021), in the following

referred to as the existing pipeline, offers a solution
to automatically generating topic-specific argumen-
tation trees for persuasive, argumentative dialogues.
There, per dialogue, a single argumentation tree is
created where all arguments are having a positive
or negative stance towards the topic of the dialogue.
To allow the explanatory dialogue system to link
feature-based XAl explanations to the respective
domain knowledge in an argumentative manner,
multiple argumentation trees per XAl feature are
required (Feustel et al., 2024), where each tree is
entailing arguments for a different feature-outcome
relation. Since we need to create multiple argu-
mentation trees per XAl feature and not a single
tree for the domain, the existing pipeline cannot
be applied to our scenario directly. Nevertheless,
being successfully evaluated in an argumentative
dialogue context, the existing pipeline constitutes
a promising basis for our work. The procedure of
the existing pipeline is as follows: After utilizing
argument search (Ajjour et al., 2019) to retrieve
arguments along with their stance towards the topic
from a web crawl, the arguments are optionally
getting pre-grouped, before performing argumenta-
tive relation classification and determining the type
of the relations between the arguments through
stance propagation. Thereby, the argumentative
relation classification entails the tasks of predict-
ing the probability for a relationship between the
arguments and then creating a tree structure out of
these probabilities.

In the following, we first define the target struc-
ture, i. e., we describe how the domain knowledge
is structured when modeled through argumenta-
tion trees. Afterwards, we detail our pipeline for
the automatic generation of this structured domain
knowledge. An overview over the processing steps
of our pipeline is provided in Figure 1.

3.1 Target Structure

When modeling the domain knowledge of a
dialogue-based XAl system with bipolar argumen-
tation structures (Stab and Gurevych, 2014), the
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Figure 1: Pipeline for automatic generation of structured domain knowledge for dialogue-based XAI systems.

nodes of the structure represent the arguments,
which function as the domain knowledge, and the
directed edges between them indicate a supporting
or attacking relationship. Throughout this work, an
argument is a sentence that can target, i. e., support
or attack, exactly one other argument, resulting in
a tree structure (Stab and Gurevych, 2014). Follow-
ing Feustel et al. (2024), we aim for at least one
argumentation tree per feature of the explanation
of the XAI system, where each root represents a
feature-outcome relation. To not lose the relation-
ship between the arguments representing a feature-
outcome relation and the XAl explanation of the
system, we introduce an auxiliary claim per feature
stating that the respective feature is relevant for the
domain. These auxiliary claims group together all
argumentation trees that are addressing the respec-
tive feature. Therefore, we not only create multiple
argumentation trees but also need to detect the XAl
feature that they are addressing. An example of the
targeted structure for a single feature of a domain
is depicted in Figure 2.

3.2 Pipeline for Automatic Generation of
Structured Domain Knowledge

Below, we describe the individual steps of our
pipeline (see Figure 1) for the generation of struc-
tured domain knowledge for dialogue-based XAl
systems. Namely, these are: argument acquisition
through argument search, an optional pre-grouping
of the arguments with respect to the features of the
XALI system, argumentative relation classification
transforming the pool of argumentative sentences
into structured knowledge, and determining the
type of the relationships between the arguments.

3.2.1 Argument Acquisition

By applying methods from the field of argument
mining (Lawrence and Reed, 2019), argument
search engines (Ajjour et al., 2019) allow to retrieve

<domain>
<feature> is relevant
Gprgmer) Cargumen) Crrgmer

Figure 2: Exemplary depiction of the argumentation
trees for a single feature within a domain. Every argu-
ment with a feature-outcome relation is the root of an
individual argumentation tree. Green arrows indicate
supporting relationships, while red arrows indicate at-
tacking relationships.

Arguments with
feature-outcome
relation

a ranked list of arguments with positive or negative
stance towards a given search query. Based on an
assessment of the suitability of different argument
search engines for argumentative dialogues (Rach
et al., 2020), the existing pipeline utilizes Argu-
menText (Stab et al., 2018) with a web crawl as
an argument search engine. Since our argumen-
tation trees are representing domain knowledge
which should be of high quality and may not be
publicly accessible, we are utilizing the Classify
API of summetix', which is the successor of Argu-
menText, for the argument acquisition. Differently
to the web crawl, we do not only input a query but
also our own collection of relevant documents into
the Classify APIL. Therewith, the documents that
serve as a basis for the argument extraction are con-
trollable and already tailored towards the targeted
domain. Hence, instead of using the domain as

"https://www. summetix.com/



a query for the argument extraction, we can also
utilize the auxiliary claims as queries. We then re-
trieve a collection of arguments per auxiliary claim
which is equivalent to retrieving a collection of ar-
guments per XAl feature. This additionally has
the advantage that we are explicitly querying for
arguments that address certain features and hence it
might be more likely that the extracted arguments
are representing the intended domain knowledge.

3.2.2 Pre-grouping of the Arguments

When arguments are pre-grouped, the existing
pipeline restricts the allowed relationships between
the arguments: Without pre-grouping, each argu-
ment can have a relationship to every other argu-
ment, whereas with pre-grouping, each argument
can only have a relationship to arguments within
the same group. Our target structure entails a group-
ing of the arguments according to the XAl features.
While the grouping could be achieved implicitly
through the argumentative relation classification
itself, it might be desirable to a priori group the
arguments by the feature they are addressing. To
determine the XAl feature addressed by an argu-
mentative sentence, we query the Classify API of
summetix for every auxiliary claim and record the
score for the sentence being an argument for the
feature represented by the claim. We then assign
the feature with the highest score to the sentence.

3.2.3 Argumentative Relation Classification

The core of the pipeline is the argumentative rela-
tion classification transforming the pool of argu-
ments into the desired target structure.

To be able to apply the procedure of the existing
pipeline without any major adaptions, we intro-
duce an auxiliary node functioning as the root of
our target structure and therefore can be viewed
to represent the domain. This auxiliary node is
having a relation with all auxiliary claims but with
none of the retrieved arguments. This formaliza-
tion of the problem allows to treat the process of
creating multiple argumentation trees per feature as
the process of creating one argumentation tree with
the auxiliary node and the auxiliary claims being
arranged in the tree in advance. Moreover, when
not already determined through pre-grouping, the
inclusion of the auxiliary claims into the pool of ar-
guments allows to propagate the XAl feature of the
auxiliary claim to the arguments targeting it. There-
with, it is also clear which feature is addressed by
the individual argumentation trees.

Following, the existing pipeline, the confidence
score of a pairwise BERT (Devlin et al., 2019) clas-
sification model is utilized to estimate the probabil-
ity of a directed relationship between the ordered
pairs of arguments. The model is fine-tuned with
a balanced subset of the dataset by Carstens and
Toni (2015) on predicting the labels relation, en-
tailing supporting and attacking relations, and no
relation. The type of the relation is identified post-
hoc and is described in more detail in the next sub-
section. Given, the probability for a relationship,
we apply their algorithm traversing and modifying
graphs (TMG) (Schindler, 2020) to create the argu-
mentation trees. To this end, TMG selects the most
probable outgoing relationship for every argument
and subsequently searches for circular graphs in
the resulting structure, which are by default not
attached to the argumentation tree with the domain
as the root. In their formulation, which we name
TMGyy, these circular graphs are connected to the
argumentation tree by selecting the node with the
most probable relation to any node outside the cir-
cular graph and change its outgoing relationship
respectively. Due to the different nature of our tar-
get structure, we are adding an alternative variant
of TMG, TMGgeyture, Which connects the circular
graphs to the argumentation tree in a different way.
More precisely, TMGg¢eature s only considering the
auxiliary claims and not any argument outside the
circular graph as a potential target. This way, every
circular graph becomes an individual argumenta-
tion tree for an XAl feature.

3.2.4 Determining the Type of Relationship

In the existing pipeline, the type of the relationships
is determined by propagating the stance of the argu-
ments towards the topic of the discussion through
the argumentation tree. For the structured domain
knowledge, we instead propagate the stance of the
arguments towards the argument with the feature-
outcome relation through the tree. The type of rela-
tion between the roots of each argumentation tree
and the respective auxiliary claim is determined by
the stance of the root towards the auxiliary claim.
Simply propagating the stance towards the auxil-
iary claims through the trees is not sufficient since
the dialogue-based XAI system will utilize every
argumentation tree on its own and the represen-
tation of the auxiliary claims is to coarse-grained
compared to a feature-outcome relation.



4 Configuration of the Pipeline through
Expert Evaluation

The above description of our pipeline gives rise
to the following possibilities for configuration: We
can query the Classify API of the search engine ei-
ther with the domain or the auxiliary claims, apply
a pre-grouping of the arguments by XAI feature
or not, and employ TMGy,; or TMGgeyryre. For the
auxiliary claims, we moreover test four different
formulations

* feature: <feature> is relevant.

* featureincipomain: <feature> is relevant for <do-
main>.

* feature+: <feature>, which is related to <list
of terms>, is relevant.

* feature+ycipomain: <feature>, which is related
to <list of terms>, is relevant for <domain>.

where <feature> is the respective name of the XAl
feature, <domain> describes the domain (e. g., sur-
viving the titanic), and <list of terms> are addi-
tional terms related to the feature. These additional
terms are a combination of the related concepts,
synonyms and types of the feature extracted from
ConceptNet (Speer et al., 2017), the values of the
feature if it is a categorical feature, and a further
description of the feature if provided in the imple-
mentation of the dialogue-based XAl system, in
our case in the one by Feustel et al. (2024).

To identify the best configuration of our pipeline,
we perform an expert evaluation in the domain
titanic survival with the XAl features age, fare,
gender, and passenger class and make use of the
same collection of documents utilized by Feustel
et al. (2024) for creating the structured domain
knowledge manually. After querying the argument
search engine with the domain and all formulations
of the auxiliary claims, we annotate the retrieved
sentences to determine the best method for the re-
trieval and whether to include pre-grouping as a
step in the pipeline. The decision on the variant of
the TMG algorithm is driven by the comparison of
the depth and width of the resulting argumentation
trees. The expert evaluation is conducted by the
authors of the paper. Since we are not perform-
ing a hypothesis test but merely identify the best
configuration of our pipeline, we see no conflict of
interest.

4.1 Annotation Study

For every sentence retrieved through the argument
search, we perform an annotation regarding the
following criteria:

* valid: Is the sentence an argument that can be
used in a debate about <domain>?

* suitable: Is this argument suitable as a domain
knowledge for dialogue-based XAl about <do-
main>? When the sentence is not valid it is
also not suitable.

* feature(s): Which XAI feature is mainly ad-
dressed by the argument? If the argument
addresses multiple XAl features and you can-
not decide which is the main one, you may list
the features. When none of the XAl features
are addressed, state this as well.

The first two authors of the paper performed the
annotation for 63 different sentences retrieved
through the possible configurations of the argu-
ment search. They agreed in 100% of the cases
for the criterion valid, in 84.13% of the cases for
the criterion suitable, and again in 84.13% of the
cases for assigning the exact same set of features in
the criterion feature(s). To resolve the cases of dis-
agreement, the third author of the paper was asked
to perform the corresponding annotations, as well.
Subsequently, we applied a majority vote for the
criterion suitable and utilized the intersection of the
assigned sets of features for the criterion feature(s).
Through this procedure, a conclusive annotation
could be created per sentence and criterion.

4.2 Results

Acquisition of Arguments The best perfor-
mance for retrieving arguments was achieved by
querying the Classify API with the auxiliary claims
in the feature formulation. We excluded the for-
mulations feature+ and feature+ycipomain Of the
auxiliary claims from further analysis since with
these we only retrieved six arguments and no ar-
guments with the features fare and gender. When
querying the API with the domain, only 89% of
the 27 retrieved sentences are valid and from those
only 92% are suitable. Moreover, we did not re-
trieve any arguments addressing the features age
and passenger class. Utilizing the auxiliary claims
in the formulation feature or feature;,cipomain, the
pool of retrieved arguments has a size of 37 and 39
respectively, is valid to 97%, all valid arguments



are also suitable, and all XAl features are covered.
By retrieving less argument that are not address-
ing any of the XAI features (5% vs. 10%), the
feature formulation is performing better than the
featureicipomain formulation.

Pre-grouping and Argumentative Relation Clas-
sification Since the best auxiliary claim formu-
lation for acquiring the arguments is feature, we
run our pipeline with the arguments retrieved this
way and also utilize this formulation of the auxil-
iary claims throughout the pipeline including the
pre-grouping of the arguments. In this setup, we
find pre-grouping outperforming the variant of our
pipeline without pre-grouping and the TMGgeayre
algorithm being better suited than TMG,;;. When
applying pre-grouping, 91% of the arguments anno-
tated to be addressing an XAl feature are assigned
to a correct feature, whereas without pre-grouping
this is only the case for 37%. Comparing TMGyy
and TMGg eaqure both with pre-grouping, there are
no differences in the generated argumentation trees
in terms of maximum depth and the amount of trees
for the features age and fare. For gender and pas-
senger class, TMGy generates a single argumen-
tation tree per feature with a maximum depth of 6
compared to TMGgearure Which generates three trees
with a maximum depth of 4 and four trees with a
maximum depth of 2, respectively. The generation
of a single argumentation tree by TMGyy leads to a
restriction for the dialogue system: When the user
asks, why the feature was relevant, the dialogue sys-
tem has to select the only available feature-outcome
relation and cannot adapt its response to the fea-
ture values input into the Al model and the user’s
needs. Following this line of reasoning, we identify
TMGteature as the better variant.

5 User Study

With the following user study, we aim to assess the
feasibility of our approach for automatically gen-
erating structured domain knowledge for dialogue-
based XAI systems. To this end, we manually
generate explanatory dialogues with human anno-
tated and automatically generated domain knowl-
edge and compare the coherence of the resulting
dialogues. After presenting how structured do-
main knowledge in the form of argumentation trees
can be utilized in an existing explanation dialogue
game, we detail the study setup and present our
results.

6

5.1 Generation of Explanatory Dialogues

The explanatory dialogues for our user study are
created by manually applying the explanation dia-
logue game model by Madumal et al. (2019) to the
respective structured domain knowledge. We create
one dialogue per XAl feature with the two inter-
locutors questioner and explainer. The questioner,
who needs an explanation, starts the interaction by
asking why the respective XAl feature was relevant
for the decision in the domain. The explainer now
tries to explain why the XAI feature was having
an influence. Therefore, the first move of the ex-
plainer is to select the best suited argument with
a feature-outcome relation that is supporting the
respective auxiliary claim “<feature> is relevant.”.

Whenever, there is an attacking relationship for
the argument presented by the explainer, the ques-
tioner will start the argumentation by presenting
this counter-argument. Following the explanation
dialogue game, the explainer then has to affirm the
argument, optionally present an argument attack-
ing the one by the questioner, and then continue
the interaction by providing a further explanation.
To ensure a better coverage of the domain knowl-
edge, our explainer always presents an attacking
argument if available. For continuing the expla-
nation, the explainer traverses the argumentation
tree backwards and selects a yet unused argument
that is supporting one of its previous statements.
The explainer is also allowed to select a new ar-
gument with feature-outcome relation if there are
no more suitable arguments left within the current
tree. When formulating the selected argument as
a further explanation, the explainer has to make
clear to which previous statement the argument is
relating to.

When the questioner cannot attack the explana-
tion by the explainer, it asks a return question like
“Why?”, “Can you elaborate on this?”, or “Can you
further explain why ... ?”. The explainer then con-
tinues the explanation by selecting the best suited
argument out of those that are supporting its previ-
ous statement. If there are no supporting arguments,
we introduce an apologize move by the explainer
into the dialogue game. To continue the dialogue,
the explainer then proceeds as above by traversing
the domain knowledge backwards.

The dialogue ends, when all argumentation trees
of the respective XAl feature have been traversed.
To create a smoother dialogue experience, we addi-
tionally prohibit the questioner from asking a return



Interlocutor

Dialogue Move

Utterance

Questioner  begin question Why is the duration having an influence when determining whether one would have gotten a loan?

Explainer further explain The purpose of the loan can influence the acceptable loan duration.

Questioner  return question Can you elaborate on this?

Explainer further explain Longer durations may be more appropriate for larger purchases like homes or education, while
short-term loans are more suitable for smaller purchases or emergencies.

Questioner  affirm Okay, I understand.

Questioner  return question But are there any other reasons why the duration is having an influence?

Explainer further explain Yes. Shorter loan terms are generally less risky for lenders and therefore lead to a better acceptance
rate.

Questioner  begin argument But longer durations can allow borrowers to spread out repayments, making them more manageable.

Explainer affirm argument I get your point.

Explainer counter argument However, longer loan durations may increase the risk of unforeseen circumstances.

Explainer further explain And shorter loan terms are generally less risky for lenders and therefore lead to a better acceptance
rate because shorter repayment periods reduce the overall exposure to potential default.

Questioner  begin argument However, then lenders have less time to assess potential changes in the borrower’s financial situation.

Questioner  begin question Why is the duration having an influence when determining whether one would have gotten a loan?

Explainer further explain Lenders will usually feel more comfortable lending you money for a shorter period because you're
more likely to be able to pay it back.

Questioner  return question Why?

Explainer further explain A shorter loan term will also save you more money because you’ll pay interest for fewer years.

Table 1: Human generated explanatory dialogues in the domain credit acquisition for the XAl feature duration with
manually generated (upper part) and automatically generated (lower part) domain knowledge. The dialogue move is
provided in accordance with the explanation dialogue game model by Madumal et al. (2019).

question when it has already performed a return
question in its last two moves and the explainer
cannot continue explaining without traversing the
domain knowledge backwards. In these cases, the
questioner then affirms the explanation and formu-
lates a return question asking for further reasons
why the XAl feature was having an influence.

The explanatory dialogues created for our study
in the domain credit acquisition for the XAl feature
duration are shown in Table 1.

5.2 Study Setup

We perform the user study within the domains #i-
tanic survival and credit acquisition. The manual
creation of the argumentation trees follows the pro-
cedure by Feustel et al. (2024). For the automati-
cally generated trees, we employ our pipeline in its
previously determined best configuration, i. e., the
auxiliary claims are formulated as “<feature> is rel-
evant.”, the auxiliary claims are used for retrieving
and pre-grouping the arguments, and TMGgeagure 1S
applied for obtaining the tree structure. As the doc-
uments for the domain knowledge, we utilize the
first ten URLs that are processable by the Classify
API of summetix and were retrieved by perform-
ing a Google Search” with the queries “factors for
surviving the titanic” and “factors for acquiring
a loan”, respectively. For titanic survival, we ac-

https://google. com/

quired arguments for all four XAl features, namely
age, fare, gender, and passenger class. For credit
acquisition, we only consider the XAl features
checking account, duration, and savings in our user
study since the automatically selected collection of
documents did not allow for extracting arguments
addressing the XAl features purpose and amount.
To keep the length of the generated explanatory
dialogues feasible for the user study, we select the
10 arguments with the highest retrieval score per
feature before starting the relation classification
of our pipeline. Similarly we restrict the human
generated domain knowledge to a maximum of 10
arguments per feature.

Following the evaluation of the existing
pipeline (Rach et al., 2021), we asses the coher-
ence (Venkatesh et al., 2018) of the generated dia-
logues by making use of the following categories
with yes/no questions:

» comprehensible: Do you understand what the
speaker wants to say?

 reference: Does the utterance address its ref-
erence?

e attitude: Does the attitude of the utterance fit
the speaker’s role?

In the user study, the web interface presents the gen-
erated dialogues utterance-wise and asks the partici-
pants for an answer to these questions whenever the



utterance entails an argumentative sentence from
the structured domain knowledge. Before starting
the study, a textual page explained the above cat-
egories in more detail and provided hand-crafted
examples in the domain acceptance as a tenant. At
the end of the study, the participants assessed how
clearly they understood the instructions for each of
the categories on a five-point Likert scale.

We asked five non-expert users (two females,
three males) to take part in our study and presented
every user with all of the 14 dialogues, i. e., four di-
alogues for titanic survival and three dialogues for
credit acquisition and this one time with the human
generated and the other time with the automatically
generated domain knowledge.

5.3 Results

The assessment of the clarity of the instructions for
the categories was rated by the five participants as
shown in Table 2. While the categories comprehen-
sible and attitude were totally clear to the majority
of the study participants, understanding the cate-
gory reference was more challenging. Therefore,
to eliminate outliers and achieve a result that is
as objective as possible, we follow Wachsmuth
et al. (2017) by selecting the three most agreeing
participants per category and gaining a final an-
swer for each question through majority vote. The
category-wise inter annotator agreement is assessed
by Randolph’s kappa (Randolph, 2005). For the
three most agreeing participants, the agreement
is substantial (0.78) for comprehensible, moder-
ate (0.58) for reference, and almost perfect (0.89)
for attitude (Landis and Koch, 1977), whereas the
agreement for all five participants is 0.64, 0.32,
and 0.47, respectively.

The dialogue-wise results of the user study for
the three most agreeing participants are shown
in Table 3. We report the ratio of positive and
overall ratings and perform a Boschloo exact
test (Boschloo, 1970) to assess the statistical dif-
ference between the automatically and manually
generated domain knowledge. Following Rach
et al. (2021), an utterance is regarded to be co-
herent, when all of the three categories are rated
positively, i.e., with “yes”, in the result. For the
human-generated domain knowledge, we can see
that all categories were rated positively for all utter-
ance besides the reference category for the feature
duration in the credit acquisition domain. With the
automatically generated tree structures, no errors
in terms of attitude were identified and the percent-
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totally totally
agree agree neutral disagree disagree
comprehensible 3 2 - - _
reference - 3 1 1 -
attitude 4 - 1 - _

Table 2: Amount of responses on a five-point Likert
scale for how clearly the participants have understood
the instructions.

age of comprehensible argumentative utterances is
above 90% for both domains. Moreover, there is
no significant difference between the human and
automatically generated argumentation trees for the
categories attitude and comprehensible. For refer-
ence and coherence, however, we observe a statisti-
cally significant difference between the manually
and automatically generated domain knowledge.

6 Discussion

To close the gap between the human and our
automatically generated argumentation trees for
domain-specific knowledge, our results suggest
that only an improvement of the references made
between the arguments is required. This room for
improvement might be attributed to the following
areas: First, our pipeline could be identifying the re-
lationships between the arguments in a non-suited
way for domain knowledge. This could be im-
proved by fine-tuning the pairwise BERT model
on a dataset that is tailored more towards the mod-
eling of domain knowledge or by further adapt-
ing or even exchanging the process of creating
the final argumentation trees through TMG. Sec-
ond, our instantiation of the explanatory dialogue
game model could have contributed to the results.
While we have utilized the same strategy for gener-
ating the dialogues, the underlying argumentation
trees are having different characteristics: The hu-
man generated domain knowledge shows an almost
equal amount of supporting and attacking relations,
whereas the automatically generated ones are con-
sisting nearly only of supporting relations. There-
fore, with the automatically generated trees, the
chains of reasoning within the dialogues became
increasingly larger and the interaction between the
questioner and the explainer was also more single-
sided. This potential cause is also underpinned
by a comment from one of the study participants:
“When the answer of the explainer [...] didn’t re-
ally fit the question asked but still fit the topic of
the conversation I was a bit unsure if [I should an-



titanic titanic  titanic titanic titanic credit credit credit  credit

age fare  gender passenger class overall checking account duration savings overall
comprehensible  1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
reference 1.00 1.00 1.00 1.00 1.00 1.00 0.86 1.00 0.95
attitude 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
coherence 1.00 1.00 1.00 1.00 1.00 1.00 0.86 1.00 0.95
comprehensible  0.86 1.00 1.00 1.00 0.96 0.75 1.00 1.00 0.93
reference 1.00 0.6 0.67 0.83 0.78 0.75 1.00 0.5 0.64
attitude 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
coherence 0.86 0.6 0.67 0.83 0.74 0.5 1.00 0.5 0.57
comprehensible 0.86 0.55
reference 0.02 0.03
attitude 1.00 1.00
coherence 0.01 0.01

Table 3: Feature-wise and overall results per domain for manually (upper part) and automatically (mid part) generated
domain knowledge. We report the ratio of positive and overall ratings. Additionally, we report the p-values of the
pairwise Boschloo exact test comparing automatically and manually generated domain knowledge (lower part).

swer with yes or no for the category reference].”
This comment directly leads us to another aspect,
namely the difficulty of assessing the category ref-
erence for the participants. While it might be in
general difficult to asses this category, an improved
formulation and explanation for the category could
improve results in future works. Finally, the under-
lying data and therewith the documents utilized for
extracting the domain knowledge might play a role.
We utilized the top results of a web search engine
without checking the content of the documents and
their suitability for extracting domain knowledge.
Hence, the argumentation trees created through our
pipeline might also have a general disadvantage
compared to the human-generated ones in terms of
the available data.

While we evaluated our pipeline in the domains
of titanic survival and credit acquisition, it can
be applied to any domain and feature-based XAl
system as long as reliable documents containing
the required domain knowledge are available.

7 Conclusion and Future Work

We have presented an approach to automati-
cally generate structured domain knowledge for
dialogue-based XAI systems. To this end, we
adapted an existing pipeline (Rach et al., 2021)
from the field of persuasive, argumentative dia-
logue to the field of explanatory dialogue. Our
approach combines methods from formal argumen-
tation with data-driven techniques to ensure a flex-
ible, yet reliable knowledge base. Through an ex-
pert evaluation, we identified the best configuration
of our pipeline. Utilizing this configuration in a
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user study, we compare the automatically generated
argumentation trees to human-generated ones by
assessing the coherence of manually generated ex-
planatory dialogues including the respective trees
as domain knowledge. The study concludes that
the human-generated argumentation trees are per-
forming better than the automatically generated
ones since the reference of the arguments leaves
room for improvement. However, we discussed
that this might be attributed to the instantiation
of the employed explanatory dialogue game and
the documents utilized for extracting the domain
knowledge.

Therefore, besides improving the argumentative
relation classification of the pipeline itself, a task
for future work could be the optimization of the
selection of the documents entailing the domain
knowledge when not provided with these docu-
ments by a human. Additionally, the pipeline could
become more robust by including validations based
on established methods from the field of compu-
tational argumentation. Last but not least, a more
large scale user study evaluating the automatically
generated argumentation trees in an actual inter-
action with a dialogue system providing contex-
tualized XAI explanations would provide further
valuable insights.
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Abstract

To deepen our understanding of verbal and
non-verbal modalities in establishing common
ground, this study introduces a novel “col-
laborative scene reconstruction task." In this
task, pairs of participants, each provided with
distinct image sets derived from the same
video, work together to reconstruct the se-
quence of the original video. The level of
agreement between the participants on the im-
age order—quantified using Kendall’s rank cor-
relation coefficient—serves as a measure of
common ground construction. This approach
enables the analysis of how various modali-
ties contribute to the construction of common
ground. A corpus comprising 40 dialogues
from 20 participants was collected and ana-
lyzed. The findings suggest that specific ges-
tures play a significant role in fostering com-
mon ground, offering valuable insights for the
development of dialogue systems that leverage
multimodal information to enhance the user
construction of common ground.

1 Introduction

Understanding the essence of human communica-
tion is a crucial challenge in the fields of artifi-
cial intelligence and human-computer interaction
(HCI). The concept of common ground, proposed
by Clark, refers to the shared knowledge and be-
liefs between participants in a dialogue, forming
the foundation for smooth communication (Clark,
1996). Unraveling the process of grounding is not
only essential for understanding the mechanisms
of deep relational building among humans but also
holds significant implications for developing Al
agents and robots capable of interacting naturally
with humans (Morita et al., 2024).

Recent research has highlighted the influence
of multimodal communication channels and social
relationships on grounding (Furuya et al., 2022).
Visual cues, in particular, have been shown to facil-
itate common ground construction, though the spe-

cific elements of visual information that are most
effective remain insufficiently clarified. Addition-
ally, traditional experimental settings often feature
tasks with relative ease, making it challenging to
conduct a detailed analysis of failures in grounding
(Udagawa and Aizawa, 2019).

In this study, we propose a novel collaborative
task that enables clearer observation of the influ-
ence of physical expression as a visual modality
and allows for detailed analysis of both successful
and unsuccessful grounding instances. The task
emphasizes the role of non-verbal communication,
enabling precise analysis of how physical modali-
ties, such as gestures and gaze, influence grounding
(Kendon, 1983). By appropriately adjusting task
difficulty, the study aims to observe the dynamics
of grounding in more realistic scenarios.

2 Construction Process of Common
Ground

2.1 Common Ground

Common ground refers to the totality of shared
knowledge, beliefs, and assumptions between par-
ticipants in a dialogue (Clark, 1996). In every-
day conversations, it is assumed that a basic com-
mon ground concerning general knowledge and
language understanding already exists, and through
interaction, new common ground is dynamically
constructed. This process is critical for enhancing
the efficiency and effectiveness of communication
(Mitsuda et al., 2021).

Understanding and constructing common ground
are essential for smooth dialogues. When dia-
logue participants do not accurately grasp com-
mon ground, misunderstandings and discrepancies
may occur, potentially hindering communication.
Conversely, when sufficient common ground is es-
tablished, it allows for the omission of information
and reliance on implicit understanding, facilitating
efficient communication (Nakano et al., 2015).
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In recent HCI research, the concept of common
ground has been applied to the design of inter-
actions between humans and Al agents (Nakano,
2019). Developing advanced dialogue systems re-
quires the ability to appropriately construct and
maintain common ground with users, a capabil-
ity that significantly influences the naturalness and
effectiveness of the system.

2.2 Modalities in Dialogue

In dialogue, modality refers to the various sensory
channels and forms of expression used for infor-
mation transmission. Beyond linguistic modalities
(spoken and written language), non-verbal modali-
ties (such as facial expressions, gestures, posture,
and gaze) enable rich and multi-layered communi-
cation (Ekman and Friesen, 1969).

Research on multimodal communication has
demonstrated that, compared to dialogue relying
on a single modality, the efficiency of information
transmission and comprehension improves (Kipp,
2005). Non-verbal modalities are particularly cru-
cial in conveying linguistically ambiguous content
or complex concepts. For instance, gestures and
facial expressions contribute to complementing and
emphasizing verbal content, as well as communicat-
ing the speaker’s emotions and attitudes (McNeill,
1992).

Recent HCI research has actively incorporated
these insights into the design of multimodal inter-
faces (Krauss et al., 2000). In human-Al agent
interaction, elucidating insights into the process
of grounding and adapting linguistic and non-
linguistic modality elements that contribute to its
construction are expected to enable more natural
and effective communication.

2.3 Previous Research on Construction
Process of common ground

In the study of grounding processes, a common
approach involves setting specific tasks and ana-
lyzing the dialogue between participants (Benotti
and Blackburn, 2021). Tasks such as the map task
(Ichikawa et al., 2000) and the referential commu-
nication task (Anderson et al., 1991) have been
widely used. These studies have provided valuable
insights into the formation of common ground and
its impact on dialogue efficiency.

However, many traditional studies have focused
on the relationship between the final task outcome
and common ground, with limited detailed analy-
sis of the grounding process itself (Nakano, 2019).
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A pioneering study addressing this issue is the re-
search by Udagawa and Aizawa (2019), which pro-
posed a new corpus for analyzing the grounding
process in a continuously and partially observable
context. Nevertheless, this study used text chat,
thus failing to account for the influence of non-
verbal modalities (Carney and Harrigan, 2003) and
the social relationships between interlocutors (Tay-
lor, 1968).

The study by Furuya et al. (2022) analyzed the
impact of modality and social relationships on
grounding using the “CommonLayout”. Their re-
search demonstrated that rich modalities and deep
social relationships facilitate grounding. However,
it did not clarify which elements of visual infor-
mation are particularly effective, and the low task
difficulty made detailed analysis of grounding fail-
ures challenging.

Building on these previous studies, the current
research aims to develop a new collaborative task
that allows for a more refined analysis of the im-
pact of non-verbal modalities, particularly physical
modalities, on grounding. This task will also enable
the observation of both successful and unsuccess-
ful grounding instances.This enables the analysis
of elements of physical modality that contribute
to foundational construction, providing deeper in-
sights into the fields of Human-Computer Interac-
tion (HCI) and communication studies.

3 Collaborative Scene Reordering Task

This study proposes a new collaborative task, the
"Collaborative Scene Reordering Task," designed
to analyze the impact of modality on the construc-
tion of common ground. The task aims to examine
how physical modalities during dialogue influence
grounding and to provide a detailed analysis of this
process.

The task is designed to meet the following re-
quirements:

1. Enable two participants to construct common
ground through dialogue.

Ensure that as the construction of common
ground progresses, task performance im-
proves.

Enable the analysis of the degree of grounding
achieved at the conclusion, including both suc-
cessful and unsuccessful cases of grounding
construction.



4. Encourage the manifestation of non-verbal
behaviors during communication, enabling a
more detailed analysis of the impact of physi-
cal modalities.

This task is expected to offer insights into the
role of physical modalities in grounding, enhancing
our understanding of their contribution to effective
communication.

The Collaborative Scene Reordering Task in-
volves two participants, each possessing separate
pieces of information. The task is divided into a
transmission phase and a working phase, which
alternate as a single set. In this task, participants
share their respective information to reorder a set of
images according to the narrative flow of a single
story.

The transmission phase, where participants ex-
change information, is clearly separated from the
work phase, where they physically reorder the im-
ages. This separation allows participants to allo-
cate more cognitive resources to communication,
encouraging them to focus on physical expressions
and their partner’s information during the interac-
tion. The task is specifically designed to encourage
nonverbal behaviors during the transmission phase.
The use of visually dynamic and motion-rich video
material as the basis for the images also supports
this objective.

Task Description:

Setup: Each participant receives 10 shuffled im-
ages, extracted from a one-minute video, out
of a total of 20 images. Neither participant
has the full set, requiring them to infer and
communicate about the missing parts.

Transmission Phase: Participants discuss their
images face-to-face, focusing solely on shar-
ing information. Physical modalities such as
gestures and expressions are encouraged to
aid communication. The phase is designed
to elicit non-verbal behaviors by separating it
from the work phase, preventing simultaneous
reordering and discussion.

Work phase: Participants independently reorder
their images based on the insights gained from
the transmission phase. No communication
is allowed during this phase, enabling a clear
assessment of the understanding and common
ground constructed earlier.

Start of the experiment

Experiment Description
Explanation of how to operate the tool
Verification of the initial arrangement of images

e

Transmission Phase

| )

Work Phase

Transmission Phase

» v

Work Phase

End of the experiment

Figure 1: Flow of the Task

The Collaborative Scene Reordering Task builds
upon the basic structure of the Collaborative Ob-
ject Arrangement Task, where two participants are
given objects and individually manipulate them
based on the communication content with their part-
ner. The final outcomes are compared to analyze
the process of grounding. By recording the degree
of completion of the image reordering during each
working phase, the process of grounding facilitated
by each transmission phase can be analyzed in de-
tail. The flow of task implementation is as follows
Fig.1.

This task design is based on Clark’s theory of
common ground (Clark, 1996), intentionally creat-
ing asymmetry of knowledge between participants
to enable a clearer observation of the shared un-
derstanding process of grounding. Additionally,
it emphasizes the importance of nonverbal behav-
ior, drawing on Kendon’s research on gestures
(Kendon, 1983).

4 Experiment

This section describes the experiment conducted
using the task proposed in the previous section,
aimed at analyzing the influence of modalities in
the common ground construction process.

4.1 Participants and Environment

The participants in the experiment were 40 individ-
uals, unrelated to the project, who were gathered
via a cloud service. The participant pairs consisted
of 10 randomly formed pairs (20 participants in
total: 4 males and 16 females), with an average age
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Figure 3: The environment of a work area

of 47.15 years (SD = 10.38). All pairs were meet-
ing for the first time.. Each pair completed tasks
for 4 videos, collecting a total of 40 data points.

The experiment was conducted in a space di-
vided into a work area and a transmission area
(Fig.2).

The experiment was conducted in an environ-
ment designed to meet the task requirements out-
lined in the previous section. Participants sat at a
central table while receiving instructions on using
the tool and performing the work phase (Fig.3). To
prevent communication during the work phase, a
partition was placed between the participants.

During the transmission phase, participants
stood at marked positions on the floor to engage in
communication with each other (Fig.4). A single
camera was positioned to capture each participant
frontally, while wide-angle cameras were placed
diagonally in front of each participant to capture
a broader view, including facial expressions and
gestures.
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Figure 6: Example of the actual screen of the tool

The camera placement was carefully designed
to ensure clear visibility of non-verbal communica-
tion without hindering the participants’ interaction.

4.2 Experimental Procedure

Participants first received an explanation of the ex-
periment and provided their consent. The experi-
ment was conducted using a tool running on a work-
station PC, which displayed 10 images in a web
browser interface (Fig.5 and 6). Participants could
rearrange the images by dragging and dropping
them with the mouse. Each action was transmitted
to a server for recording. The workstation display
continuously showed the current phase, whether
operations were permitted, and the remaining time
at the bottom of the screen.

During the transmission phase, the images were
concealed to prevent viewing, while in the work
phase, the images were displayed, allowing partic-
ipants to reorder them. Following the task design
described earlier, each set of images involved five
repetitions of a 2-minute transmission phase and a
1-minute work phase.
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Figure 7: The changes in the correlation coefficient

The images used were derived from approx-
imately 1-minute scenes from films like “City
Lights," with 20 images obtained from each video,
resulting in four distinct image sets. All videos
used in the experiment were in the public domain,
ensuring no copyright issues under Japanese and
U.S. regulations.

5 Analysis of Collected Corpus

This section will describe how the dialogue data
collected from the experiment was analyzed to ex-
amine the process of building common ground.
Evaluation was performed based on the common
ground construction process using information
recorded during each phase.

The experimental tool recorded the movement of
images and the order of images at each time point.
Numbers were assigned to the images on the tool
according to their chronological order. Kendall’s
rank correlation coefficient is calculated based on
whether the image arrangements between partici-
pant pairs are consistent or inconsistent with each
other. This coefficient ranges from —1 to 1, where
1 indicates a perfect positive correlation, —1 in-
dicates a perfect negative correlation, and 0 indi-
cates no correlation. In this study, the objective
is not to evaluate whether the sequence of images
follows a chronological order but rather to assess
the extent to which a shared foundation is accu-
rately constructed through participant interactions.
Therefore, the coefficient, which indicates the de-
gree of agreement in image arrangement among
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work phases ‘ Ist  2nd 3rd 4th 5th

M
SD

0.12 0.15 0.19 0.26 0.28
031 037 036 035 0.36

Table 1: The change of the coefficients

participants, is treated as an index of the shared
understanding construction process.

This number was calculated each time partici-
pants rearranged images, and the change in value
at the end of the work phase was considered as the
change in the ground constructed through transmis-
sion.

During transmission, cameras set between partic-
ipants and behind them recorded facial expressions,
gestures, and dialogue content during the experi-
ment.

The Kendall rank correlation coefficient was
calculated for each participant pair’s work, and
changes in the correlation coefficient over time
were recorded to analyze the building common
ground process (Fig. 7).

To analyze the construction process of the com-
mon ground through repeated work phases, we
summarize the statistical information on the coef-
ficients at the end of the five work phases (Table
1). From the results showing an increase in simi-
larity with each phase, we can see that the process
of building a Common Ground was successfully
recorded.

By separating the work and transmission phases
in the task design, we were able to record the com-
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Figure 8: The result of successful sessions

mon ground construction process during communi-
cation.

We analyze gestures that contribute to the con-
struction based on the final values for each session.
When sessions with a final similarity of the arrange-
ment order between the pairs of participants exceed-
ing 0.7 were considered successful, there were 3
successful sessions (Fig. 8).

6 Clustering the grounding process

Clustering techniques are used to clarify the typ-
ical process of grounding in the collected data.
The results of clustering using hierarchical clus-
tering, a method for clustering time-series data, are
shown. Hierarchical clustering is suitable for cer-
tain types of time-series data, particularly when
the data is represented as fixed-length vectors with
fully aligned time steps across all samples.

The results of the clustering are illustrated in
Figure 9. Given the consistency of similar clusters
when increasing the number of clusters, we clas-
sified the data into four clusters. The vertical axis
represents the Kendall rank correlation coefficient
calculated for each pair of participants’ tasks. The
horizontal axis corresponds to the step numbers
associated with the beginning and end of the five
work phases.

To delve deeper into the content of dialogues
within each cluster, we sampled several conversa-
tions from each classified group and analyzed them
in relation to their dialogue content.

Cluster 1: This pattern shows significant progress
in grounding common ground early in the task.
In these cases, participants tended to share the
overall flow and key features using physical
expressions, facilitating the grounding process
early on.
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Figure 9: The result of successful sessions



Cluster 2: This pattern exhibits steady, aver-
age progress in grounding common ground
throughout the task. In these instances, par-
ticipants often identified distinctive characters
or motifs from the scenes, progressively build-
ing the common ground. Some pairs demon-
strated a dynamic where one participant led
the direction of the flow, while the other fol-
lowed, contributing to the grounding process.

Cluster 3: This pattern indicates a general diffi-
culty in establishing common ground. Here,
participants struggled to share information
and find common elements, leading to unsuc-
cessful grounding attempts.

Cluster 4: In this pattern, significant progress in
grounding common ground occurred towards
the end of the task. Participants successfully
shared information over time, leading to suc-
cessful grounding by the task’s conclusion. In
some cases, pairs initially built smaller sub-
groups by sharing parts of the scene flow, then
combined these to establish the overall flow.

By classifying the data into clusters based on the
grounding process, we identified distinct patterns
in how common ground develops, offering insights
into the dynamics of successful and unsuccessful
grounding scenarios.

From the video recordings of phases where sig-
nificant progress in grounding common ground was
observed, the following gestures were noted. These
gestures are considered to be strong contributing
factors to common ground construction:

Video Imitation Transmission A method of
mimicking specific people or situations
shown in a video using hands or body
movements. This approach expresses the
state or condition of objects in the video
through bodily movements, making it easier
to visually understand the other person’s state
or emotions.

Structure Expression Transmission A method
of using hands or arms to show the spatial
structure of the scene or the flow of time in a
video. For example, it can be used to convey
the position of objects in a spatial arrange-
ment or to express chronological order. This
method is particularly effective when convey-
ing spatial or temporal information.
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Imitation Agreement Transmission A method
of showing agreement or understanding by
mimicking the other person’s actions or ges-
tures. By repeating the other person’s move-
ments, physical expressions are used to con-
vey understanding or agreement with a state-
ment. This approach may emphasize empathy
or cooperation within communication.

Other Cultural Gestures A method of express-
ing emotions or states through body move-
ments or gestures used in specific cultures.
These can include signs of hesitation, agree-
ment, or requests for clarification during com-
munication.

7 Summary and Future Directions

In this study, we proposed a novel experimental
task, the "Collaborative Scene Reordering Task," to
analyze the process of grounding common ground
in human communication, with a particular focus
on the impact of non-verbal modalities.

By separating the transmission and work phases
within the task, we were able to observe the ef-
fects of physicality more clearly and analyze both
the successes and failures in the grounding pro-
cess. We established a method for quantitatively
evaluating the grounding process over time using
the Kendall rank correlation coefficient. Clustering
was performed based on the grounding process, al-
lowing us to analyze the tendencies in how ground-
ing progresses. Furthermore, the study suggested
that specific gestures might strongly contribute to
the grounding of common ground, affirming the
importance of non-verbal communication.

These findings not only deepen our understand-
ing of human communication but also suggest po-
tential applications in designing more natural inter-
actions between humans and agents.

However, this study has the following limita-
tions.

The sample size was small, with a gender imbal-
ance among participants. The task was designed to
observe grounding in specific contexts, and caution
is needed when generalizing the findings. Long-
term effects and cultural factors were not consid-
ered. Due to technical constraints, some non-verbal
behaviors may not have been fully captured. Future
research should include larger and more diverse
samples, cross-cultural validation, and investiga-
tion of long-term effects.



A more detailed analysis of gestures and dia-
logue content during the interaction will be con-
ducted. By observing the frequency and timing of
gestures during the dialogue and performing a quan-
titative analysis, the aim is to clarify the factors that
influence the construction of a shared foundation.
Furthermore, the current study focuses solely on
the physical expressions in the dialogue, without
analyzing the content of the dialogue itself. Future
analysis will include the relationship between di-
alogue content and gestures, their impact on the
construction process, and the effects of different
progression strategies during the task.

This study provides new insights into the role of
non-verbal communication in grounding and makes
significant contributions to the fields of HCI, the
implementation of smoother dialogue systems, and
communication research.
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Abstract

This paper describes the design, synthetic
generation and automatic evaluation of
ArtGenEval-GPT++, an enhanced dataset
designed for training and fine-tuning con-
versational agents with artificial awareness
capabilities targeting the art domain. The
dataset build upon the previously released
ArtGenEval-GPT, but extended by us to allow
more personalization characteristics (including
for instance, gender, ethnicity, age, knowledge)
and addressing limitations such as low-quality
dialogues, and hallucination.

The dataset is generated using state-of-the-art
large language models (LLMs), and consists
of approximately 12,500 dyadic multi-turn di-
alogues across diverse museum scenarios, in-
cluding varied visitor profiles, emotional states,
interruptions, and chatbot behaviors. Com-
prehensive evaluations using objective metrics
demonstrate its quality and contextual coher-
ence. Additionally, we explore some ethical
implications and limitations of the dataset, such
as biases and hallucinations, and outline future
directions for enhancing their utility.

These contributions advance the development
of personalized, context-aware conversational
agents capable of adapting to complex real-
world settings, such as museums, while increas-
ing visitor engagement and satisfaction.

1 Introduction

Recent progresses in conversational Al have
been achieved thanks to Large Language Models
(LLMs), which excel in generating high-quality
responses following carefully designed prompt in-
structions (Sahoo et al., 2024). Then, these same
LLMs can be improved further by fine-tuning them
on diverse human and synthetic instruction-based
datasets and enriched with techniques like rein-
forcement learning from human feedback (RLHF),
showcasing remarkable in-context learning capabil-
ities (OLMo et al., 2024; Abdin et al., 2024; Hurst
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et al., 2024). This has led to breakthroughs in nat-
ural language understanding, dialogue coherence,
and adaptability across various domains.

Despite these advancements, there remain signif-
icant challenges in creating conversational agents
that are not only knowledgeable but also socially
competent and context-aware. Specifically, we
are interested in the incorporation of artificial con-
sciousness features, situational awareness, or user
profiling into conversational systems which are rel-
evant characteristics for improving user experience.
Addressing these gaps can enhance user engage-
ment, improve adaptability to dynamic interactions,
and enable the development of more intuitive and
meaningful dialogues (Della Santina et al., 2024;
Graziano, 2022).

In this paper we focus on generating and en-
hancing the quality and scope of datasets for train-
ing such systems. Building on prior work, par-
ticularly the ArtGenEval-GPT dataset released by
(Gil-Martin et al., 2024)! and the methodology
described in (Luna-Jiménez et al., 2024), we in-
troduce ArtGenEval-GPT++. This new dataset is
specifically designed for training conversational
agents in a museum context, where the chatbot acts
as a tour guide, tutor, or art expert that adapts to
the knowledge level of the visitor, age, ethnicity
and even physical appeareance of the visitor. The
dataset also includes external situations or interrup-
tions that could happen in a museum. The updated
version also includes improved emotional balance,
refined and less hallucination dialogue scenarios,
and enhanced personalization features such as chat-
bot tone, multiple visitors and response strategies.

Key contributions of this work include:

* Dataset Enhancement: Refining and expand-
ing the dataset to include diverse visitor in-

'The dataset is available at (D’Haro Enriquez et al.,
2024) and https://huggingface.co/datasets/Astound/Art-
GenEvalGPT

Proceedings of the 15th International Workshop on Spoken Dialogue Systems Technology, pages 20-28
May 27-30, 2025. ©2025 Association for Computational Linguistics



teractions, emotional states (i.e., the emotion
that the user may have while visiting the mu-
seum or aroused when looking into a specific
artwork), and contextual situations (e.g., char-
actersitics of the people visiting the museum,
unpredicted events that could hypothetically
happen while being in the museum, or ele-
ments in the paintings that could be used to
connect with the visitors).

Synthetic Dialogue Generation: Leveraging
the GPT-4-o0 turbo model to produce 12,500
high-quality dialogues with features tailored
to mimic real-world museum interactions.

Evaluation Framework: Implementing au-
tomated evaluation metrics, including BLEU,
WER, and precision to assess dialogue quality
and adherence to prompts.

Ethical Considerations: Addressing chal-
lenges such as hallucinations, biases, and lim-
itations in handling sensitive topics .

By focusing on these enhancements, this work con-
tributes to advancing the state-of-the-art in conver-
sational agents, paving the way for more adaptive
and socially aware Al systems.). The paper is struc-
tured as follows: Section 2 review the seed datasets
used in this work. Section 3 details the method-
ology for dataset design, dialogue generation and
automatic evaluation. Section 4 presents the results
and examples of the generated dialogues. Finally,
Section 5 discusses conclusions and future work.

2 Datasets

2.1 ArtEmis Dataset

The ArtEmis dataset (Achlioptas et al., 2021; Mo-
hamed et al., 2022) is a large-scale resource de-
signed to explore the relationship between visual
art, emotions, and natural language explanations.
It comprises 455,000 emotional annotations and
explanations associated with around 80,000 art-
works sourced from the WikiArt website?. The
dataset contain artworks that span 1,100 artists, 27
distinct art styles (e.g., Baroque, Cubism, Impres-
sionism), and 45 genres (e.g., landscape, portrait,
still life). Each artwork includes annotations from
at least five human annotators who assigned one of
eight predefined emotions or "something-else" as
the emotional label, along with textual explanations
of their choices.

Zhttps://www.wikiart.org/
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Figure 1: Distribution of Emotions in the ArtEmis
Dataset

The dataset’s strength lies in its rich emotional
and linguistic annotations, which enable a nuanced
understanding of the affective and contextual as-
pects of visual art. However, ArtEmis has limita-
tions in its suitability for training conversational
agents, including: Lack of dialogue-specific struc-
tures, and limited representation of interactive sce-
narios or dynamic visitor profiles. Figure 1 shows
the distribution of emotions in the original version
of the dataset (Achlioptas et al., 2021).

2.2 ArtGenEval-GPT Dataset

According to the authors of ArtGenEval-GPT (Gil-
Martin et al., 2024), this dataset was developed as
an initial attempt to adapt the principles of ArtEmis
for training conversational agents in museum con-
texts. It introduced a novel synthetic dialogue
dataset generated using GPT models, simulating
interactions between a human visitor and a chat-
bot using a flexible platform(Luna-Jiménez et al.,
2024). Key features included:

* Dialogue Context: Centered on 800 artworks
from ArtEmis.

* Visitor Profiles: Incorporated different age
(kid and adult) and knowledge levels (novice,
intermedium and expert).

* Chatbot Roles: Simulated chatbots acting as a
tour guide, art tutor, or expert.

Despite these innovations, ArtGenEval-GPT faced
notable limitations:

* Low Dialogue Quality: Many dialogues ex-
hibited poor coherence due to limitations of
the GPT-3.5 model used for generation.

e Hallucinations: Instances of fabricated infor-
mation about artworks, reducing reliability.
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Description

Total number of generated synthetic dialogues

Total number of different artworks

Total number of different artists

Total number of different art styles
Distribution of dialogues per emotion

Emotion Amount (%)
Amusement 997 (7.2%)
Anger 745 (5.4%)
Awe 043 (6.8%)
Contentment 936 (6.7%)
Disgust 890 (6.4%)
Excitement 885 (6.4%)
Fear 058 (6.9%)
Neutral 6,378 (46.0%)
Sadness 048 (6.8%)

Something else 190 (1.4%)

Figure 2: Key Statistics of ArtGenEval-GPT

2.3 Limitations and Motivation for
Improvements

The challenges observed in ArtGenEval-GPT con-
ducted us to propose the creation of the new
ArtGenEval-GPT++. Among the main improve-
ments are:

* Enhancing dialogue coherence by using GPT-
4 for generation.

» Perform a better processing of the selected
artworks to reduce hallucinations

* Introducing diverse chatbot tones, interruption
scenarios, and visitor profiles to simulate real-
world museum interactions.

3 Methodology

After inspecting the ArtGenEval-GPT dataset and
using it for training our own chatbot, we found
the need to improve the diversity of the dataset,
and at the same time replace low-quality dialogues
(primarily due to limitations of ChatGPT-3.5) and
incorporate additional mechanisms to mitigate hal-
lucinations by performing additional preprocessing
to the artworks selected for generating the new
synthetic dialogues. In addition, with the goal of
increasing the capabilities of the chatbot to show-
case awareness and extended social competences,
we incorporated new ideas and situations.

This section describes the design process. In
first place, the new version uses the more pow-
erful GPT-4 model (specifically, GPT40-mini vs
2024-07-18) and introduce refined preprocessing to
improve information accuracy and dialogue consis-
tency. These updates provide new dialogue scenar-
ios with nearly 12,500 new dialogue interactions.
3 summarizes the methodology consisting on three
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Generation of Synthetic Dialogues

Creating the Artwork dataset

‘Selected Features
(Chatbot Goal..)

Evaluation of the Generated Dialogues

Figure 3: Flow diagram of the methodology used for
creating the ArtGenEval-GPT++ dataset

phases: Pre-processing, generation, and evaluation.
Note: The indicated CSV files are used to record
the output of the different methodology steps for

logging purposes.

3.1 pre-processing

The pre-processing step consists of the following
steps:

1. Normalization of artwork information: In
this case, we use Spacy and GPT model to
check and normalize that artwork titles and
artists were correctly cased and spelled, and
remove year of creation from titles.

Filter low quality artworks: By removing
artworks with unknown artists or titles, or art-
works whose content is too generic (e.g., land-
scape, still life, vase).

. Keeping high quality emotional artworks:
By removing artworks where the emotion
triggered in the annotators was labeled
with "something else" or having low inter-
annotator agreement.

Verification of artwork knowledge ground-
ing: In this case, we tasked ChatGPT to return
the name of the artist based only on the art-
work title (the goal was to detect the unique-
ness of the artwork but also to check if the
model has knowledge about that artwork). In
case, the answer was wrong, we perform a
second step by providing also additional infor-
mation such as year of creation and movement.
In case of a correct answer, the artwork is in-
cluded, if not then it is completely discarded.

. Incorporation of additional artworks: Fi-
nally, after removing low quality artworks, but



Distribution of Emotions Before and After Adding New Artworks

Emotion

Figure 4: Comparison in the distribution of triggered
emotions between the previous and new ArtGenEval-
GPT++ dataset.

with the goal of keeping balanced the distribu-
tion of triggered emotions, we complemented
the list with artworks coming from ArtEmis
but also proposed by ChatGPT after repeat-
ing the pre-processing steps and performing
manual inspection.

Figure 4 shows that after performing the pre-
processing steps, the distribution of emotions in
the new set of 821 artworks is more balanced that
in the previous version, while also improving its
quality.

3.2 Generation

The dialogue generation framework customizes
interactions by selecting key features such as
painting-specific details (title, author, emotion
evoked by visitors, date of creation, art style) and
dynamic elements like chatbot roles (tutor, tour
guide, expert), chatbot behaviour (anthropic or
non-anthropic), tone (humorous and playful or pro-
fessional and formal), and visitor attributes, in-
cluding gender (male or female), knowledge level
(novice, intermediate, expert), age (kid, teenager,
adult), emotion (sadness, excitement, etc.), phys-
ical/attribute conditions on the visitors (wearing
rings, using crutches, using glasses or hat, balding),
and ethnicity (African, Asian, Arab, Caucasian,
Indian, Latino). It incorporates realistic interrup-
tions and engagement suggestions (e.g., recom-
mending souvenirs, tour options, similar artworks,
fire alarms) while supporting group conversations
and quick summaries for visitors in a hurry. These
features ensure personalized, immersive, and dy-
namic interactions, addressing diverse visitor needs
and enhancing the museum experience.

The dialogue generation process begins by defin-
ing the features that vary across dialogues, focusing
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on visitor preferences, chatbot characteristics, and
environmental scenarios. The following steps out-
line the methodology:

1. Loading the Dataset: Artworks are loaded
from the filtered and corrected ArtGenEval-

GPT v1.0 dataset.

Random Selection of Artworks: Filtered art-
works are randomly selected to ensure diverse
dialogues but preserving emotion distribution.

Determining Dialogue Characteristics:
Combinations of chatbot goals, visitor
profiles, and engagement suggestions are
randomly selected to simulate different
museum scenarios. Certain probabilities and
rules are implemented to avoid combinations
that rarely will happen in real life (e.g., a
kid that is expert in art, a group of all people
using crutches), while also allowing enough
variety of situations and repetitions for the
chatbot to learn how to proceed in diverse
situations.

. Interruption and Engagement: Random
interruptions and engagement suggestions
are introduced for realism, with distribution
weights applied to scenarios.

. Constructing the Prompt: Selected features
are combined into structured prompts, each
with a unique dialogue ID, the prompt used,
and all feature details.

The prompts are input into GPT-4 to generate
unique dialogues tailored to the setup. Responses
are saved with token usage and error logs. This
approach enables the creation of thousands of dia-
logues (e.g., 5000 created in a first batch and 7500
in a second batch) with detailed distributions for
each feature, ensuring variety and personalization.

3.3 Evaluation

Considering that we generated a total of 12.5k
dialogues, we opted for performing an automatic
evaluation using GPT-4. This section describes the
methodology in terms of prompt design and objec-
tive metrics. Considering that we are prompting
the GPT-4 model to generate synthetic dialogues
that incorporate factual information (e.g., specific
information about each artwork), behaviours and
characteristics for visitor and chatbot (e.g., tone,
demographics, knowledge), as well as length of



the dialogues, emotions, situations or even connec-
tions between the artwork and visitor’s character-
istics, we opted for creating specific prompts that
could automatically extract that information from
the dialogues and then evaluate the quality of the
responses. Here, we distinguish between:

¢ Exact match attributes in which exact extra-
tion is expected (e.g., for titles, artist name
or movement) in which we use Word Error
Rate (WER), BLEU (Papineni et al., 2002) or
ROUGE (Lin, 2004),

Relaxed match attributes in which informa-
tion is extracted and compared in terms of
Word Error Rate (WER), then a threshold is
applied to consider it as valid or not (this al-
lows variabilities when extracting artist names,
titles or movements, e.g., Mona Lisa vs Gio-
conda, or Renaissance vs Renascence), and

Behavioral attributes in which we provide in
the evaluation prompt the list of available op-
tions plus the N/A option. Then, we check
if the retrieved answer is the same as the
expected one according to the instructions
passed during the generation (e.g., Based on
the provided dialogue, determine the visi-
tor gender. **Options:** MALE, FEMALE,
N/A.). In this case, the used metric is preci-
sion.

The scripts were designed with a systematic
approach to ensure consistency and accuracy in
processing the retrieved answers. Specifically, we
implemented scripts that normalized the obtained
responses. This normalization accounted for varia-
tions in the answers, as the GPT-4 models did not
always provide responses in the expected format,
casing, or wording. The scripts also calculated
the requested metrics, streamlining the evaluation
process.

The implementation process consisted of the fol-
lowing steps:

* Collaborative Approach: We begin by
preparing a text file that contains questions
designed to extract specific information from
the dialogues.

* Focused Inquiry: Each question is meticu-
lously crafted to pinpoint key details such as
the name of the painting and the artist.
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* Direct Communication: Questions are
framed to solicit responses that are concise,
direct, and formatted as a numbered list. This
format ensures that each answer stands alone,
free from unnecessary repetition or additional
commentary.

we could categorize our evaluation questions
into two main types:

1. Yes/No Questions: These questions are de-
signed to elicit direct responses of ’yes’ or
'no’ from the dialogues. They focus on fac-
tual details or specific behaviors exhibited by
the chatbot.

Categorical Questions: These questions
prompt responses that fall into predefined cat-
egories, such as selecting an emotion or iden-
tifying a characteristic attribute. Responses
are expected to match one of the provided op-
tions accurately. This categorization helps us
systematically evaluate how well the gener-
ated dialogues adhere to the specified criteria
and accurately convey the required informa-
tion. Additionally, some questions were in-
cluded specifically to understand the chatbot’s
decision-making process. In cases where the
chatbot does not respond well to the categor-
ical questions, the yes/no questions assist in
comprehending how it arrived at its decisions.

4 Results

4.1 Generation

To write our generation prompts, we ensured a
clear and distinct structuring by separating factual
information about the artwork, the system’s role
from the visitor’s profile, characteristics of groups
and general instructions to generate the dialogues
(e.g., length, interruptions, connections between
artworks and visitors). This organization allows
the chatbot to engage effectively with visitors in
a museum setting, providing personalized and ed-
ucational interactions about the artworks. Once
the structured prompt dataset was processed and
passed to OpenAl GPT-4, it generated the complete
dialogue, as partially illustrated in Table 1. The ex-
ample shows a certain level of emotion (Anger) and
lack of time from the user, as well as an attempt of
connection considering the age of the user (in this
case a kid).



Table 1: Example Dialogue

Visitor: I'm really angry today! Why does this painting look
so weird? I have to hurry!

Chatbot: Very quickly, this painting, "The Robbery" by Esa-
ias Van De Velde, shows a dramatic scene. The colors are
dark, reflecting the anger and chaos of the moment.

Visitor: But what’s with all the people? They look like they’re
fighting or something!

Chatbot: Yes! The key highlight is the action of the figures.
Their movements might remind you of a toy battle, full of
energy and tension.

Visitor: I really don’t have time for this! I gotta go!
Chatbot: Understood! Just remember, the anger in the paint-
ing connects to your feelings today. Have a great day!

4.2 Evaluation

Considering that we have generated a total of ap-
proximately 12.5k dialogues, we opted for an au-
tomatic evaluation using GPT-4. This section de-
scribes the results obtained by applying objective
metrics, comparing the actual values of features
with the predicted ones.

4.2.1 Categorical Features

For categorical features, we used accuracy as the
evaluation metric. Initially, the chatbot behavior
emerged as the worst-performing attribute (see Fig-
ure 5), which was somewhat expected given that
OpenAl is continously refining the development
of sentimentally aware chatbots (i.e., avoiding the
chatbot to look like a person).

Anthropic and Neutral Comparisan
1901

1750

1500

1250

count
H

Category

Figure 5: Anthropic and Neutral Comparison.

In some cases, dialogues generated under the An-
thropic feature were qualitatively good, but the eval-
uation metrics failed to capture this accurately due
to the subjective nature of attributes like displaying
emotions, which are difficult to detect unless ex-
plicit emotional cues are present in the dialogue. A
summary of our latest results can be seen in Table
2.

Upon closer analysis of the lowest accuracy rates,
the most challenging attributes were the visitor’s
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Table 2: Accuracy of Categorical Attribute Prediction

Attribute Accuracy
Artist’s name 94.7%
Artwork movement 73.3%
Artwork title 86.0%
Artwork year 79.3%
Chatbot role 78.8%
Chatbot tone 81.1%
visitor’s knowledge 80.8%
visitor’s emotion 86.2%
visitor in a hurry 77.0%
visitor’s ethnicity 61.1%
Interruptions type 58.3%

ethnicity and types of interruption.

Prompt Values for 'ethnicity*

1000 568

mm Correct
EEE Iincorrect

Count

Figure 6: Distribution of the ethnicity detection.

As shown in Figure 6, the most difficult ethnici-
ties to identify were Caucasian and Afro-American.
This may be due to strong alingments from GPT
models during the generation and for detecting it at
evaluation. For interruptions (Figure 7), the most
challenging scenarios included detecting that a vis-
itor was not listening to the chatbot (information
often omitted in the dialogues) and cases where the
visitor was supposed to steal or damage an artwork.
Manual inspection revealed that such actions were
often attributed to other visitors in the dialogues
instead of the intended visitor. When evaluating

Prompt Values for ‘interruption_type'

mm Correct
N Incorrect

Count

Figure 7: Distribution of classifications for the interrup-
tion type.



whether the visitor’s gender (male or female) was
detected, the accuracies were very low, likely be-
cause GPT-4 models are aligned to avoid biases in
handling gender information, therefore that infor-
mation was ommited in most of the dialogues.

4.2.2 Text Attributes

In evaluating text attributes such as painting title,
painter name, and movement, we utilized metrics
including Word Error Rate (WER), BLEU, and
ROUGE to assess the chatbot’s accuracy and profi-
ciency. Table 8 organizes results by metric (WER,

Attribute VS

Metric WER | BLEU t ROUGE-1 1t | ROUGE-L 1
Painting Movement [0.1112 £ 0.3719 | 0.6880 + 0.3884 | 0.8969 + 0.2075 | 0.9032 & 0.2954 |
Painting Title 0.0779 £ 0.2523 | 0.7000 £ 0.3551 | 0.9324 £ 0.2250 | 0.9404 £ 0.2189
Painter Name 0.3086 £ 0.2258 | 0.9524 £ 0.2003

Figure 8: Evaluation metrics for textual attributes.

BLEU, ROUGE-1, ROUGE-L) and attribute, high-
lighting generally strong performance, particularly
for painter names. However, the BLEU score of
0.3086 £ 0.2258 was comparatively lower, reflect-
ing the metric’s limitations in capturing nuanced
similarities in short text segments like names.

To evaluate accuracy, we adopted a WER thresh-
old of 0.2: predictions with WER below this thresh-
old were classified as correct, balancing precision
and leniency. This threshold ensured rigorous and
practical assessment across all attributes.

Figure 9 illustrates an example of the results ob-
tained for the precision of the painting movement
(e.g., Renaissance, Cubism, Baroque, Impression-
ism) predictions.

Accuracy Distribution of Movement Prediction

Incorrect Predictions

88.4%

Correct Predictions

Figure 9: Painting Movement Accuracy.

4.2.3 Single visitor and groups

In the latest version, we included both one-to-one
dialogues and group conversations involving the
chatbot and two to four visitors. Each visitor had
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individual characteristics (e.g., gender, age, knowl-
edge) and shared attributes (e.g., ethnicity, emo-
tions). In group dialogues, one or two visitors ac-
tively participated to maintain dialogue quality, as
having all visitors intervene made it harder to gener-
ate coherent exchanges and complicated automatic
evaluation.

Prompt Values for 'emotional_state'

1775

Emm Correct
= Incorrect

1750

1500 4

1250 4

1000 4

Count

Figure 10: Results on detecting the emotional state of a
visitor expressed in the generated dialogues.

Figures 10 and 11 compare emotion detection in
one-to-one versus group dialogues, showing it is
easier in single-visitor interactions due to GPT-4’s
difficulty in handling complex prompts and main-
taining coherence across multiple visitors. Addi-
tional prompt adjustments may improve evaluation
of group-based dialogues.

However, it is important to note that, despite the
results, correct predictions do not guarantee that
all dialogues are free from hallucinations or other
artifacts, as these issues cannot be fully detected
by the selected methodology.

Group Member emotional_state - By Value
601

= Correct
= incorrect

<&
&

Figure 11: Results on detecting the emotional state of
each visitor when considering groups of visitors in the
generated dialogues.

5 Conclusions and Future Works

This paper presents a comprehensive approach to
designing, generating, and automatically evaluat-
ing synthetic dialogue datasets tailored for training



aware and socially improved chatbot applications
in art museums. Through the refinement of the
previous ArtGenEval-GPT dataset, the new version
provides a better and extended dataset comprising
dialogues over 821 artworks from 384 artists across
26 art styles, ensuring familiarity with GPT mod-
els (less hallucinations). By expanding dialogue
scenarios to include diverse visitor attributes (in-
cluding groups, ethnicity, age, physical appearance)
and interaction contexts, the new dataset that can
be used for training chatbots to engage effectively
with varied museum audiences.

Approximately 12,500 dialogues were generated
using the latest GPT-4-turbo model, simulating real-
istic visitor interactions and demonstrating the chat-
bot’s capacity for meaningful engagement. To au-
tomatically assess the quality of the generated dia-
logues, an automated framework was included that
relies on objective metrics such as WER, BLEU,
and accuracy using LL.M-as-Judge, achieving high-
quality scores (85.5% ). Notable challenges in
sentiment prediction and ethnicity detection indi-
cate areas for further improvement, highlighting the
complexity of emotional and contextual nuances
in dialogue systems. Thus, the dataset provides a
valuable resource to advance conversational Al in
cultural heritage settings.

Future work will focus on several key areas to
enhance unconscious and conscious capabilities.
First, expanding the dataset by incorporating a
larger number of artworks (including well-known
and more emotionally compelling paintings), mul-
tiple languages (beyond English, e.g., Spanish,
French, German, Italian, Portuguese, Japanese or
Chinese), and including the actual image data dur-
ing the generation to reduce hallucinations and im-
prove contextual understanding. Methodological
improvements are also needed by evaluating the
tutor scenarios, where the simulated visitors make
mistakes in 30% of interactions. This is critical to
measuring the efficacy of the chatbot in classroom-
like settings for children and teenagers. We are also
considering performing human subjective evalua-
tions for evaluating the quality of the dataset and
a fine-tuned version of the chatbot. Lastly, based
on the Attention Schema Theory (Graziano, 2022),
we would like to explore extended reasoning capa-
bilities to model the mind of the visitors, as well as
enhancing explainability through tailored prompts.
These directions promise to advance the person-
alization, contextualization, and consciousness of
chatbots in our case for cultural heritage contexts.
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Abstract

This paper explores the integration of voice-
controlled dialogue systems in narrative-driven
video games, addressing the limitations of exist-
ing approaches. We propose a hybrid interface
that allows players to freely paraphrase prede-
fined dialogue options, combining player ex-
pressiveness with narrative cohesion. The pro-
totype was developed in Unity, and a large lan-
guage model was used to map the transcribed
voice input to existing dialogue options. The
approach was evaluated in a user study (n=14)
that compared the hybrid interface to traditional
point-and-click methods. Results indicate that
the proposed interface enhances the player’s de-
gree of joy and perceived freedom while main-
taining narrative consistency. The findings pro-
vide insights into the design of scalable and en-
gaging voice-controlled systems for interactive
storytelling. Future research should focus on
reducing latency and refining language model
accuracy to further improve user experience
and immersion.

1 Introduction

Voice interaction in video games remains a niche
yet promising feature, especially as advances in
technology offer new possibilities for immersion
and interaction of the player. Traditional ap-
proaches to voice-controlled dialogues with Non-
Playable Characters (NPCs) in games generally
fall into two categories: reading out pre-written
dialogue lines or free speech input in Al-generated
dialogues. The former often limits player expres-
sion, while the latter can lack narrative consistency
and control. This paper aims to present a novel
approach that serves as a middle ground between
these two approaches, combining the flexibility of
player input with structured narrative cohesion.
The goal of this paper is to explore the implemen-
tation of a voice-controlled interface (VCI) that al-
lows players to freely phrase their responses while
still choosing from pre-defined dialogue options.
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By evaluating this hybrid approach, we aim to de-
termine its impact on the player experience, par-
ticularly in the context of narrative-driven games.
Specifically, we address the following research
questions:

1. How does the use of a voice-controlled inter-
face impact the immersion and user experi-
ence in a game with a narrative focus?

. Does the player using this VCI have a sense
of freedom given a restricted set of predefined
dialogue options?

3. To which degree of accuracy can the player’s
spoken responses be reliably mapped to a
given set of dialogue options?

The key contribution of this work lies in an ap-
proach to enable spoken interaction in a narrative-
driven game that balances player freedom with nar-
rative consistency. We present findings that high-
light the potential of this approach in enhancing
immersion and user satisfaction while maintaining
cohesive storytelling.

The remainder of the paper is structured as fol-
lows: Section 2 presents and discusses other ap-
proaches that include voice control into games and
discusses how our approach differs. Section 3 con-
tains the core concept of the voice-controlled dia-
logue system with a description of its realization
in Section 4. Sections 5, 6, and 7 present the user
study design, the results and their discussion.

2 Related Work

Voice control as a narrative device in video games
has gained significant attention for its poten-
tial to enhance player immersion (Allison et al.,
2020). Natural voice interactions are generally
well-received, as they enhance player flow and re-
duce identity dissonance (Carter et al., 2015). Play-
ers often mimic character voices (Allison et al.,
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2019; Osking and Doucette, 2019), deepening im-
mersion, though this can be challenging when
there are differences in player and character at-
tributes such as gender (Carter et al., 2015). Per-
sistent issues with voice interfaces include unnat-
ural interactions, difficulty recalling commands,
slower response times compared to button inputs
(Allison et al., 2019), and recognition failures
(Zargham et al., 2022). This section reviews no-
table approaches specifically for voice-controlled
dialogues with non-playable characters (NPCs).
One established approach is the use of read-out-
loud interfaces, where players speak predefined
dialogue lines to interact with NPCs (Osking and
Doucette, 2019)(Cuebit, 2018). Here, players can-
not freely phrase their voice input but are restricted
to the phrasing of the dialogue option they are
choosing. This method is reliable and can enhance
immersion by encouraging players to embody their
characters. For instance, Flowers for Dan dan (Os-
king and Doucette, 2019) used a read-out-loud in-
terface where players verbally selected dialogue op-
tions by reading the text of the dialogue option, re-
sulting in higher emotional engagement compared
to traditional point-and-click controls. Similarly,
the Dragonborn Speaks Naturally modification for
Skyrim (Cuebit, 2018) adopted this approach to cre-
ate more immersive player-NPC interactions with-
out the need for complex Al systems. The main
advantage of read-out-loud interfaces is their prac-
tical integration into existing games, as they rely on
predefined dialogue options and require minimal
changes to the game’s dialogue system. However,
the restrictive nature of reading out predefined dia-
logue lines may limit the player’s sense of agency,
reducing immersion over extended play sessions.
Dynamic dialogue generation represents another
approach, where NPC responses are generated in
real-time using Al techniques such as natural lan-
guage processing (NLP) or large language mod-
els (LLMs). This approach provides players with
greater freedom and more natural interactions by
allowing them to speak freely rather than selecting
from predefined options. For example, the game
Facade (Mateas and Stern, 2003), later modified by
Dow et al. (Dow et al., 2007), employed a "Wiz-
ard of Oz" technique to simulate natural speech
input. Building on top of its underlying Al sys-
tems—natural language processing, autonomous
character behaviour, and a drama manager—this
approach fostered dynamic and immersive conver-
sations. Fraser et al. (Fraser et al., 2018) ex-
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tended this concept by incorporating sentiment
analysis to adapt NPC responses based on player
emotions, thereby enhancing engagement. Simi-
larly, Bot Colony (Joseph, 2019) and Vaudeville
(Bumblebee-Studios, 2023) utilized Al-driven dia-
logue systems to generate NPC responses. While
the use of LLMs in dialogues with NPCs, such as
those in Vaudeville, can create human-like dialogue
that enhances player engagement, they also present
challenges including hallucinations, inconsisten-
cies, and difficulty maintaining narrative coherence.
Fraser et al.’s (Fraser et al., 2018) sentiment-driven
approach demonstrated improvements in emotional
immersion; however, concerns regarding scalability
in larger game environments and negative player
reactions to Al-generated dialogue remain (Cox
and Ooi, 2024; Akoury et al., 2023).

Building on these existing methods, this paper
proposes a middle-ground solution that integrates
the strengths of both approaches. By allowing play-
ers to use free-form speech while mapping their
input to predefined dialogue options, our method
seeks to maintain immersion and deliver a natural
interactive experience without compromising nar-
rative control. This hybrid approach offers a more
scalable and robust solution for voice-controlled
dialogues in narrative-driven games by addressing
the challenges identified in earlier research.

3 Concept

The core of the proposed approach lies in a middle-
ground solution for integrating voice interaction in
narrative-focused video games. It combines pre-
defined dialogue options with the player’s ability
to paraphrase freely. To achieve this, players are
given predefined dialogue choices that contain very
concisely worded versions of the core messages.
However, instead of asking the players to read them
out loud, they are encouraged to paraphrase these
options in their own words. For example, an option
like "Ask for more information" can be expressed
as "Could you give me more details?". While in
some cases the participants nonetheless opted to
read the text as given or nearly so, others were more
creative in their formulations. Hence, a pre-defined
dialogue flow controls the overall dialogue while
users can speak freely and naturally.

The overall architecture of modelling the dia-
logue and processing new user input is shown in
Figure 1. New user input is first processed in the
Understanding component that utilizes a large lan-
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Figure 1: Overall dialogue architecture: an LLM is used
to map new user input to one of the user input options
defined by the dialogue flow.

guage model to map the user input to one of the
possible dialogue options. These options are part
of the pre-defined dialogue flow and represented
in textual form. The large language model is then
prompted to either map the user input to one of
the dialogue options given the previous system re-
sponse, or to map it to misunderstood.

Once the user input is mapped to one of the pre-
defined dialogue options, the dialogue progresses
to the next node of the pre-defined dialogue flow
which defines the system output along with a new
set of dialogue options as possible user inputs. The
new set of dialogue options is subsequently used
together with the following user input in the Un-
derstanding component.

Thus, this concept draws from read-out-loud in-
terfaces (Osking and Doucette, 2019) and dynamic
input methods (Fraser et al., 2018; Bumblebee-
Studios, 2023) alike. It allows player freedom
and the capability to maintain narrative control.
Unlike fully generative NPC responses, which of-
ten lack coherence, this approach relies on a struc-
tured dialogue graph to ensure consistency while
enabling natural voice interaction. Allowing play-
ers to phrase their responses freely is expected to
enhance immersion and engagement compared to
restrictive read-aloud interfaces.

4 Prototype Development

The proposed concept is realized in a prototype
implementation of a narrative-driven game. The
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Figure 2: A screenshot of the tutorial-section of the
game. The two dialogue options, displayed in German
language, translate to "How do the flowers look like?"
and "Offer support".

prototype was built using Unity, chosen for its flexi-
bility and extensive library of assets. Unity handled
all game mechanics, visual elements, character in-
teractions, and user interface components. Custom
C# scripts managed core game interactions, such as
dialogue flow, NPC responses, and player controls.
The game environment and characters were created
using free Unity Asset Store resources, providing
a functional game world for voice interaction test-
ing. A screenshot of the game is shown in Figure
2. In the tutorial shown in the figure, the player is
instructed by an NPC to help search for flowers in
the forest by selecting one of two options of how
to respond.

Voice Interaction: Player speech input was cap-
tured in Unity and processed through the Whisper
Al service for transcription. Given that the lan-
guage model performed better with English input,
the transcribed German text was translated into En-
glish via the Google Cloud Translation API before
further processing.

Dialogue Management: A structured dialogue
graph, implemented with Unity’s internal tools and
custom C# scripts, served as the backbone for dia-
logue flow. Each node in this graph represented a
specific narrative point linked to predefined player
options. Player input was mapped to these options
using the Llama-2 13B language model, hosted
on an Nvidia A100 GPU. The model received a
prompt that included the transcribed and translated
response, the current NPC dialogue, and available
dialogue options. The model then returned the
option number that best matched the player’s in-
tent. Prompt engineering was applied by using
langchain to improve mapping accuracy and re-
duce latency. An excerpt of the system message is
shown in Figure 3.

User Interface: Developed within Unity, the user
interface displayed available dialogue options and



182 sys msg = B SYS + """The AI is an expert at correctly selecting an option.

183 The AI compares the options and the player's response.

184  The AI then selects the option that best matches the player's response.

185 The AI only returns the number of the correct option as output and does not generate more text.
186  Very rarely the AI returns 99 if it really cannot map the response to one option.
187

188  Here are some previous conversations between the AI and the player:

189

199  The other character answered with: "Hello, nice to meet you.”

191 The options are:

192 9) "Misunderstood”

193 1) "Say hello"

194 2) "say goodbye”

195 3) "Thanks"

196  The player answered with "See you later.”

197  The player chose option:

198

199 AT: 2

200

201 The other character answered with: "Unfortunately, I'm not feeling well right now."
2862  The options are:

203 1) "Ask about feelings”

204 2) "Ask about the location of the key”

285 The player answered with: "Please tell me where the key is.”

206 The player chose option:

287

208 ATl: 2

Figure 3: An excerpt of the system message used in the few-shot prompting. The system message includes an
explanation of the task and examples on how to map player’s responses to options.

provided immediate visual feedback. When play-
ers used voice input, the Ul indicated ongoing pro-
cessing and highlighted the chosen option after
recognition, helping players understand the sys-
tem’s response to their spoken input.

Key Features: The prototype includes several key
design elements to enhance player experience and
immersion. The game adopts a first-person perspec-
tive, allowing players to interact directly with the
environment and NPCs to create a more engaging
experience. While in a dialogue, the player can
choose the dialogue options hands-free, i.e., the
player does not need to press a button to start or
stop the voice input. After a brief period of silence
detection, Unity processes the player’s speech and
matches it with the available dialogue options. The
VCI also provides a mechanism for revising dia-
logue options. When the system misinterprets a
player’s input, phrases such as “I didn’t mean that”
trigger a "Misunderstood" option. In order to avoid
mental overload by visualizing this additional op-
tion, the revise-option only becomes visible upon
selection. The participants in the user study have
been made aware of that option in an initial intro-
duction. The prototype also includes a tutorial de-
signed to help players familiarize themselves with
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the basic controls and mechanics.

Limitations: The game’s world and characters
are constructed from different resources from the
Unity Asset Store. Therefore, the game environ-
ment appears visually inconsistent and the NPC’s
facial expressions and animations are limited. Both
aspects lead to a presumably less immersive and be-
lievable experience. Response latency in the voice
interface presents another issue, with delays some-
times interrupting the natural flow of conversation.
Finally, while the automatic German-to-English
translation system generally performs well, it occa-
sionally misinterprets nuanced phrases, which can
result in faulty mapping of player’s speech input to
the dialogue options.

S User Study

The user study aimed to evaluate the proposed
voice-controlled interface (VCI) by comparing it
with a traditional point-and-click interface (PCI).
The study combined usability testing, A/B testing,
and surveys to assess the system’s impact on user
experience, perceived freedom, and system accu-
racy.

The study involved 14 participants, consisting of
an equal number of male and female individuals,
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Figure 4: Self-reported affinity towards video games
and voice interfaces by the participants.

aged between 23 and 36 years (mean age: 29, stan-
dard deviation: 4). Most participants (11) held uni-
versity degrees, and all were native German speak-
ers. Participants were personally recruited and in-
cluded a mix of friends, acquaintances, and indi-
viduals with no close connection to the researchers.
This group represented varied levels of familiarity
with gaming and voice interfaces. While partici-
pants had moderately high experience with video
games, their exposure to voice interfaces was com-
paratively limited (see Fig. 4). Participants alter-
nated between the two interfaces to counterbalance
order effects, with one group using the VCI first
and the other starting with the PCI. The procedure
included the following phases:

1. Introduction and Orientation: Participants
were briefed on the study, signed consent
forms, and received instructions on gameplay
mechanics. A presentation highlighted the use
of voice input, including the correction feature
for misunderstood inputs.

2. Tutorial Level: Participants completed a
short tutorial using the VCI to familiarize
themselves with the system. Assistance was
provided during this phase as needed.

3. Main Game Playthrough: Participants
played the main game with one interface while
the researcher minimized observer effects.
The task of the game is to help the NPC Felix
to find a missing key. During this task, the
dialogue hints that Felix is bothered by some-
thing else, and the player has the option to

inquire further about this issue or ignore it and
focus on finding the key. Each session ended
upon reaching one of the game’s three possi-
ble outcomes. The three endings correspond
to low, medium and high levels of empathy as
determined by the level of empathy shown to
Felix in the player’s responses over the course
of the dialogue.

4. Post-Play Questionnaire: Participants com-
pleted a questionnaire assessing the interface
they had just used.

5. Second Playthrough: Participants replayed
the main game with the alternative interface,
followed by the same questionnaire.

6. Final Questionnaire: A comprehensive ques-
tionnaire captured additional metrics like ac-
curacy, enjoyment, and overall preference.

The study was conducted on a laptop equipped
with the Unity-based prototype. Voice input was
captured using a Logitech webcam microphone,
chosen for its accuracy over the laptop’s built-in
microphone. Participants completed questionnaires
on the same laptop. Audio recordings documented
verbal interactions, while logs captured system re-
sponses, dialogue choices, and observational notes.

Two primary data sources, questionnaires and

play-through documentation, informed the study’s
findings.
Questionnaires: Participants responded to a series
of structured questions using seven-point Likert
scales. The questionnaires were adapted from ex-
isting instruments, namely the SASSI (Hone and
Graham, 2000) for assessing the speech interface
with regard to the usability aspects, and the GUESS
(Vieira et al., 2019) for measuring video game sat-
isfaction and user experience. The adapted ques-
tionnaire covered five scales:

* System Response Accuracy: Assessed how
reliably player inputs were mapped to prede-
fined options (Items 11-12).

* Likeability: Measured user enjoyment and
perceived freedom (Items 13-14).

* Cognitive Demand and Habitability: Eval-
uated ease of use and confidence in issuing
voice commands (Items 15-16).

* Annoyance and Speed: Captured frustration
and delays during gameplay (Item 17).



e Immersion: Examined how natural and en-
gaging the interactions felt (Item I8).

* Preference and Overall Assessment: As-
sessed which interface players preferred (Item
19).

Playthrough Documentation: Logs recorded dia-
logue choices, LLM prompt-responses, and voice
input accuracy. Audio recordings and observational
notes provided qualitative insights into user behav-
ior, naturalness of interactions, and system respon-
siveness.

The study faced several limitations that must be
acknowledged. The small and relatively homoge-
neous sample, consisting of younger participants
with higher education, is not representative of the
broader gaming population. The limited dura-
tion of the study restricted participants’ familiarity
with the interfaces, potentially limiting the learning
curve and long-term usability assessment. Some
prototype limitations, such as latency, translation
inaccuracies, and limited NPC animations, likely
influenced user perceptions of the system. Factors
like mood, time of day, and external distractions
could also have impacted participant performance
and feedback.

6 Results

The results of the user study are presented in
this section, focusing on the impact of the voice-
controlled interface (VCI) on immersion, user expe-
rience, perceived freedom, and accuracy of spoken
inputs. A total of 14 participants completed the
study, which involved gameplay with both the VCI
and a traditional point-and-click interface (PCI),
followed by corresponding questionnaires. An
overview of the results for the VCI is shown in
table 1.

The questionnaire responses were collected on
a 7-point Likert scale ranging from “strongly dis-
agree” (1) to “strongly agree” (7). For positively
phrased statements, higher values indicate a more
favorable response, while for negatively phrased
statements, the scale was reversed to ensure consis-
tency in interpretation, where higher values always
reflect a positive attitude towards the VCI.

Impact on Immersion and User Experience
(R1)

Research Question R1 evaluated the overall im-
pact of the VCI on immersion and other aspects of
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Table 1: Summary of the Results for the Voice-
Controlled Interface

Item Median Mean
I1: Accuracy of Mapping 5.0 4.89
12: Correction of Misunderstood Input - -
13: Degree of Joy 5.0 493
14: Expressing Freedom 4.0 3.93
I5: Ease of Use 4.0 4.07
I6: Confidence in Using the VCI 3.0 3.86
I7: Annoyance 4.5 4.38
I8: Immersion 3.0 3.68
Overall Assessment and Preference:

Use in real games 5.5 5.43
Preference if improved 6.0 5.79

user experience. Items I3, 15, 16, 17, and 18 were
analysed:

Degree of Joy (Item I3): Participants rated en-
joyment of the VCI with a median of 5.0 and a
mean of 4.93, suggesting a moderately positive ex-
perience. When compared directly with the PCI,
the VCI scored higher (median 5.5, mean 5.43),
indicating enhanced enjoyment through voice inter-
action.

Ease of Use (Item I5): Ease of use received
mixed ratings, with a median of 4.0 and a mean of
4.07. Participants noted higher cognitive demand
for the VCI due to the need for paraphrasing. In
comparing both interfaces directly with each other,
participants reported the VCI as more demanding
(median 2.5, mean 3.07). In part, this can be due
to higher familiarity with a traditional interface.
However, the mental load for putting a paraphrased
dialogue option into one’s own words most likely
further contributed to this.

Confidence in Using the VCI (Item 16): Con-
fidence levels varied, with a median of 3.0 and a
mean of 3.86. Participants expressed moderate con-
fidence but reported uncertainty regarding whether
their phrasing would be correctly recognized, sug-
gesting a need for improvement.

Annoyance (Item I7): General annoyance was
low (median 5.0, mean 5.21), but participants gave
a more neutral rating of their attitude towards the
VCI response time (median 3.5, mean 3.93). Re-
ducing latency could significantly improve the over-
all experience.

Immersion (Item I8): The VCI provided
slightly better immersion compared to the PCI
(median 3.0, mean 3.57), but neither fully repli-
cated natural dialogue. Improvements in natural
language processing are needed to enhance immer-



sion further.

Sense of Freedom (R2)

Research Question R2 examined participants’ per-
ceived freedom while using the VCI:

Expressing Freedom (Item I4): Participants
felt moderately free to express themselves (median
5.0, mean 4.5). While compared to the PCI, the
VCI allowed more authentic expression (median
5.0, mean 5.07), the limitations of predefined op-
tions occasionally hindered free expression (me-
dian 3.0, mean 3.36).

Degree of Accuracy (R3)

Research Question R3 focused on the accuracy of
mapping spoken responses to dialogue options:

Accuracy of Mapping (Item I1): Mapping ac-
curacy was rated positively (median 5.0, mean
4.89), with a system accuracy of approximately
90%. Participants often adhered closely to prede-
fined phrasing, positively influencing accuracy.

Correction of Misunderstood Input (Item 12):
The correction feature was rarely used due to infre-
quent mapping errors. However, its hidden nature
led to participants often overlooking this function-
ality, suggesting a need for better visibility and
usability.

Overall Assessment and Preference

Participants rated the VCI positively for potential
use in real games (median 5.5, mean 5.43). While
direct preferences between the VCI and PCI were
mixed (median 4.0, mean 4.36), most participants
indicated they would use the VCI if its accuracy
and speed were improved (median 6.0, mean 5.86).

Additionally, no significant correlation was
found between participants’ familiarity with video
games or voice interfaces and their perception of
the VCI. This suggests that the VCI is accessible
and engaging for a broad audience, regardless of
prior experience, supporting its potential appeal in
diverse gaming contexts.

7 Discussion

This section offers a comprehensive discussion of
the user study results and final reflections on the
voice-controlled interface (VCI) prototype, synthe-
sizing the findings, implications, limitations, and
directions for future research.
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Table 2: Summary of participant responses to direct
comparison questions between the voice-controlled in-
terface (VCI) and the point-and-click interface (PCI).
Higher values indicate a greater preference for the VCI.

Item Median Mean
13: Joy (VCI vs. PCI) 55 543
14: Expressing Freedom (VCI vs. PCI) 5.0 5.07
I5: Ease of Use (VCI vs. PCI) 2.5 3.07
13: Boredom (VCI vs. PCI) 6.0 5.50
I8: Immersion (VCI vs. PCI) 4.0 4.36

Interpretation of Results

The user study findings show that the VCI proto-
type was generally well-received by participants,
offering notable advantages in engagement and
user experience compared to the conventional
point-and-click interface (PCI). Participants ex-
pressed a preference for the VCI, indicating its
potential to enhance player involvement and en-
joyment, despite the presence of technical issues
like response latency and speech recognition chal-
lenges.

Impact on Immersion and User Experience
(R1): Participants found the VCI enjoyable, though
delays in processing voice input caused frustration
and moderate annoyance. Confidence in using the
system was mixed, likely due to the unfamiliarity
of combining predefined options with the freedom
to paraphrase responses. Improvements in response
time and system reliability are essential to enhance
immersion and user comfort. Despite these flaws,
the VCI had a slight advantage over the PCI in
terms of immersion, highlighting its potential for
narrative-driven games.

Sense of Freedom (R2): Participants appreci-
ated the ability to paraphrase predefined options,
which contributed to a sense of authenticity and
self-expression. However, the restricted nature
of predefined choices occasionally limited partic-
ipants’ sense of freedom. Future iterations of the
VCI could improve flexibility, reducing perceived
constraints and enhancing player empowerment.

Accuracy of Mapping (R3): Participants gen-
erally found the VCI predictable, though inconsis-
tencies in speech recognition affected how reliably
spoken input was mapped to dialogue options. The
correction feature for misunderstood inputs was un-
derutilized due to its hidden presentation. Despite
these issues, the technical approach—using a lan-
guage model (LLM) for mapping—shows promise,
particularly with improved speech recognition and



responsiveness.

Practical and Theoretical Implications

The positive reception of the VCI suggests that
voice interaction, particularly in narrative contexts,
is an engaging feature for video games. The hybrid
approach of combining predefined dialogue options
with paraphrasing offers a scalable solution for in-
tegrating voice control into games without compro-
mising narrative coherence. Allowing players to
"play as themselves" enhances player embodiment,
especially in games where player agency is a core
feature, such as role-playing games (RPGs).

Addressing technical limitations such as re-
sponse time and speech recognition accuracy is
essential for the commercial adoption of the VCI.
Improvements in these areas would significantly
enhance player experience, making the interface
more reliable and enjoyable. Adding the flexibility
to toggle the VCI on and off would give players
greater control, catering to diverse preferences.

The study also contributes to understanding how
voice interaction can be effectively integrated into
video games. Unlike traditional top-down commu-
nication, the VCI allows for more natural interac-
tions with non-playable characters (NPCs), foster-
ing immersion by enabling players to project their
identity onto the character. To achieve deeper im-
mersion, improvements in system speed, accuracy,
and NPC responsiveness are still required.

Limitations

The study faced several limitations that affect the
generalizability of the findings. Methodologically,
the short duration of the study restricted partic-
ipants’ ability to become familiar with the VCI,
limiting insights into long-term usability. The con-
trolled environment may not fully replicate real-
world gaming conditions, influencing interactions
and feedback. Additionally, the small sample size
and participant homogeneity limit the applicability
of the findings to a broader gaming audience.

An additional limitation of the study is the in-
fluence of the presented options on the players’
thinking. The specific wording of the options may
influence the way in which participants phrase their
statements in the dialogue. Further work which ana-
lyzes differences in user input dependent upon how
options are presented or if options are displayed at
all would likely yield additional insights.

Similarly, specifics within the dialogue options
may also be interpreted in specific or more gen-
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eral ways by participants. For instance, an "Ask
for more information" dialogue option may be in-
terpreted as pertaining to specific or general infor-
mation. The specificity or generality of dialogue
options may thus constitute an additional factor for
participant experiences that would be of interest to
subsequent research.

Technical limitations also played a significant
role in shaping user experience. Latency issues and
inconsistencies in speech recognition disrupted con-
versation flow and reduced immersion. The fixed
time required for voice recognition, combined with
delays in transcription and language model process-
ing, significantly affected user satisfaction. Addi-
tionally, the lack of expressive character animations
and authentic voice output further hindered immer-
sion and the believability of NPC interactions.

A final limitation worth mentioning regarding
immersion is that various aspects of language such
as sarcasm, irony, or other nuanced aspects of how
humans naturally communicate were out of scope
for this study. The relative advantages of a voice-
controlled interface over a point-and-click interface
will likely be most strongly observable in a system
that incorporates further subtleties of human ex-
pression.

Future Research

Future research should prioritize addressing the
technical and methodological limitations identified
in this study. Enhancing the speed and accuracy of
voice recognition through real-time transcription
and more advanced language models could sig-
nificantly improve the VCI’s performance. Incor-
porating dynamic dialogue generation could also
provide more flexible and adaptive player-NPC in-
teractions, addressing the constraints of predefined
dialogue options.

Long-term studies are needed to understand the
sustained effects of voice interaction on player en-
gagement and immersion. Integrating the VCI into
commercial games for extended periods would pro-
vide valuable insights into how players adapt to
and perceive the system. Additionally, future re-
search should explore the role of voice interaction
in fostering emotional connections between players
and NPCs, particularly through improved NPC ani-
mations, responsive dialogue, and enhanced player
agency.

Dynamic Dialogue Generation within Dia-
logue Graphs: Dynamic dialogue generation is
a promising direction for enhancing flexibility in



voice interactions. The current prototype relies on
predefined dialogue options, limiting adaptability.
By integrating dynamic dialogue generation into
dialogue graphs, NPC responses can be generated
based on the player’s phrasing and narrative con-
text, improving natural interaction flow.

This hybrid approach, using language models
to generate context-aware responses while main-
taining the structure provided by dialogue graphs,
could offer a more personalized experience. NPC
responses could vary based on player phrasing, past
interactions, and storyline context, making conver-
sations more engaging and lifelike. However, chal-
lenges such as maintaining emotional authenticity,
ensuring lip synchronization, and minimizing la-
tency need to be addressed. Future research should
explore lightweight language models capable of
efficient operation within game environments.

8 Conclusion

This study contributes to the growing field of voice
interaction in video games, particularly NPC in-
teractions. The hybrid VCI approach—combining
predefined dialogue options with the ability to para-
phrase—has proven to be an engaging feature that
enhances a player’s sense of freedom and overall
user experience. Allowing players to interact natu-
rally, in their own words, creates a more personal-
ized experience that can align well with narrative-
driven games.

While the study’s findings show the potential
of voice-controlled interfaces, the technical and
methodological challenges identified must be ad-
dressed for long-term success. Improvements in
system speed, reliability and more advanced char-
acter design are critical for impacting the sense of
immersion to a greater extent. With these enhance-
ments, voice interaction could become an integral
part of video game dialogue systems, providing a
richer and more immersive player experience.
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Abstract

In this paper, we propose a dialogue con-
trol management framework using large lan-
guage models for semi-structured interviews.
Specifically, large language models are used
to generate the interviewer’s utterances and to
make conditional branching decisions based
on the understanding of the interviewee’s re-
sponses. The framework enables flexible di-
alogue control in interview conversations by
generating and updating slots and values ac-
cording to interviewee answers. More impor-
tantly, we invented through LLMs’ prompt tun-
ing the framework of accumulating the list of
slots generated along the course of increment-
ing the number of interviewees through the
semi-structured interviews. Evaluation results
showed that the proposed approach of accu-
mulating the list of generated slots throughout
the semi-structured interviews outperform the
baseline without accumulating generated slots
in terms of the number of persona attributes and
values collected through the semi-structured in-
terview.

1 Introduction

This paper proposes a dialogue control manage-
ment framework using large language models
(LLMs) (Brown et al., 2020), specifically target-
ing semi-structured interviews (Fielding, 2003a,b;
Wengraf, 2001). Semi-structured interviews are
characterized by the interviewer starting the di-
alogue with only an initial slot set prepared in
advance and dynamically expanding the list of
slots throughout the interview’s dialogues with
all interviewees. In this paper, career inter-
views (Hashimoto et al., 2025) are highlighted as
a representative example of a semi-structured in-
terview. In the proposed framework, LL.Ms are
applied to generate the interviewer’s utterances and
to make conditional branching decisions based on

*Also affiliated with C4A Research Institute, Inc., Tokyo,
Japan.

the understanding of the interviewee’s responses.
This approach allows for flexible dialogue control
by generating and updating slots in response to
the interviewee’s answers. Within this framework,
LLMs function as the agent performing the role
of the interviewer, responsible for generating ut-
terances, generating new slots, and filling slots.
Furthermore, unlike Hashimoto et al. (2025), the
framework incorporates a mechanism for accumu-
lating the list of slots generated over the course of
incrementing the number of interviewees during
semi-structured interviews. As the key components
of the proposed method are to be described in Sec-
tion 5.2 and in Figure 4, we invented the “persona
attributes prediction” function, which contributes
to prioritizing generating questions known to be rel-
evant to collecting persona attributes and values'.
The contributions of this paper are as follows:

1. With the developed framework using LLMs,
we demonstrated that the challenging task of
managing semi-structured interviews can be
effectively realized.

2. As contributions that distinguish our work
from Hashimoto et al. (2025), we highlight
the following two points.

(a) We demonstrate that the proposed frame-
work enables a mechanism for pro-
gressively constructing the list of slots
in semi-structured interviews involving
multiple interviewees.

(b) We show that the proposed approach
of accumulating the list of generated
slots throughout semi-structured inter-
views outperforms a baseline approach
that does not accumulate generated slots,

'A more detailed explanation of the “persona attributes
prediction” function is provided in the description of LLMS5
in Section 5.2.
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measured by the number of persona at-
tributes and values collected through the
semi-structured interviews.

2 Related Work

In recent years, numerous studies on interview di-
alogue systems have been reported (Zeng et al.,
2023; DeVault et al., 2014; Johnston et al., 2013;
Kobori et al., 2016; B et al., 2020; Nagasawa et al.,
2024; Ge et al., 2023; Inoue et al., 2020), including
an interview system designed for job interviews
as a notable example (Su et al., 2019, 2018). Ad-
ditionally, Inoue et al. (2020) developed a job in-
terview dialogue system that employs an android
robot. This system generates follow-up questions
based on user response keywords and the degree of
satisfaction, guided by four predefined topics. In
a different line of work, Schatzmann and Young
(2009) presented a framework for statistically mod-
eling the response behavior of a user simulator,
with the aim of optimizing dialogue policies.

Moreover, related to interview dialogue systems,
there have been efforts to enhance the performance
of dialogue systems by leveraging LLMs in slot fill-
ing dialogue systems (Hudecek and Dusek, 2023;
Jacgmin et al., 2022; Siddique et al., 2021; Coope
et al., 2020), utilizing GPT’s advanced language
comprehension capabilities (Sun et al., 2024; Feng
et al., 2023; Heck et al., 2023). Wagner and Ultes
(2024) discuss an approach that enhances control-
lability in dialog systems by integrating a rule or
slot based dialog manager alongside LLMs. Fur-
thermore, Komada et al. (2024) proposed a method
for dynamically generating slots based on dialogue
history to maintain scenario consistency in Table-
top Role-Playing Games (TRPGs). In TRPGs, the
primary objective is to record scenarios, and deep
exploration of information is not a priority. How-
ever, in semi-structured interviews, it is necessary
to dynamically generate new slots as needed to
obtain new information. Additionally, Hashimoto
et al. (2025) developed a dialogue system aimed
at supporting efficiency and quality improvements
in career interviews conducted by nursing admin-
istrators. Building on the results of Hashimoto
et al. (2025), this paper also focuses on career inter-
views conducted by nursing administrators, mod-
eling semi-structured interviews that dynamically
generate slots according to the interviewee’s cir-
cumstances.

Research on semi-structured interviews has also
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been conducted (Parfenova, 2024; Hu et al., 2024).
In contrast to these existing studies, this paper pro-
poses a dialogue control framework using LLMs.
The proposed method enables more efficient ques-
tioning in semi-structured interviews with multiple
interviewees by accumulating information in the
form of slots throughout the interview.

3 Semi-Structured Interview

Representative interview formats include struc-
tured interviews and semi-structured interviews.
These formats differ significantly in whether the
list of slots is finalized before the start of the in-
terview. Figure 1 illustrates conceptual diagrams
of these two interviews types. A semi-structured
interview is characterized by the fact that, although
basic questions are prepared in advance, the in-
terviewer can flexibly change their order of the
questions or add new questions according to the
interviewee’s responses (Figure 1, right). The in-
terviewer progressively constructs the list of slots
through dialogue with all interviewees. This format
allows a higher degree of freedom in questioning
and enables in-depth exploration tailored to each in-
terviewee and situation. As a result, it can uncover
the list of slots that might not emerge in a structured
interview. However, the outcome can vary signif-
icantly depending on the interviewer’s skill level,
requiring more advanced interview techniques and
experience.

4 Flowchart for Semi-Structured
Interviews

In this paper, we use a flowchart-based approach to
control the progress of dialogue in semi-structured
interviews. Figure 2 shows the flowcharts designed
for semi-structured interviews. Figure 3 illustrates
the internal module common to structured and
semi-structured interviews, which is used in both
models.

4.1 Internal Module common to Structured
and Semi-Structured Interviews

Before starting the dialogue to inquire about the in-
terviewee’s career, the interviewer engages in small
talk to build rapport with the interviewee (Bick-
more and Cassell, 1999). Once the interviewer
determines that a career-related topic has emerged
during small talk, they capture that information and
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perform an initial slot filling step®. After this initial
step, the following cycle is repeated:

. Determine whether to end the dialogue.

If it is determined not to end the dialogue, the
interviewer generates the next question” and
asks the interviewee the question.

Once the interviewee responds to the question,
the interviewer receives the utterance.

4. Fill in any empty slots (slot filling)?.

’The detailed procedures for slot filling and question gener-
ation differ between structured and semi-structured interviews.

This cycle continues until a decision is made to
end the interview. The internal module common
to structured and semi-structured interviews for
dialogue transitions, which is used in both Figure 6
and Figure 2, is shown in Figure 3.

4.2 Semi-Structured Interview

As shown in Figure 2, the overall flow in a semi-
structured interview is almost the same as that of
a structured interview. A key difference, however,
is that after slot filling, the interviewer refers to the
dialogue history and the list of slots generated up
to that point to generate new empty slots. These

newly generated slots are then added to the existing
41
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list of slots. Subsequently, the process continues
with the same cycle (end determination, question
generation, interviewee’s utterance, receiving in-
terviewee’s utterance, slot filling, and generation
of new slots) until a decision is made to end the
interview.

5 Implementation with LLLMs and
Evaluation in Career Interview

5.1 Career Interview

In this paper, we apply the framework of semi-
structured interviews to career interviews. Follow-
ing Hashimoto et al. (2025), we developed 16 per-
sonas as interviewees. As shown in Table 1, each
of these 16 personas is defined by 10 attributes,
such as “Basic Personal Information,” “Personal-
ity,” “Past Career,” and “Future Vision,” with spe-
cific values assigned to each attribute’.

5.2 LLMs for an Interviewer and an
Interviewee

In this paper, we utilize LLMs to take on both
the interviewer and the interviewee roles in semi-
structured interviews. The interviewer role is per-
formed by an LLM tasked with generating small
talk (LLM1), slot filling (LLM4), generating new
slots (LLM6, LLM7), generating questions to fill
slots (LLMS), making conditional branching deci-
sions (LLM3, LLM10). For the interviewee role,

*We manually revised 16 personas of Hashimoto et al.
(2025) by restructuring their attributes and adding new ones,
so that each of persona has certain values for all of the 10
attributes listed in Table 1. This is simply for making the com-
parison with the baseline without accumulating generated slots
during the semi-structured interviews clearly distinguished in
terms of the evaluation metric of the numbers of collected
persona attributes and values in Section 5.
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an LLM is assigned one of the 16 predefined per-
sonas and functions as a user simulator. It is respon-
sible for generating small talk responses (LLM?2)
and answering the interviewer’s questions based
on its assigned persona (LLM?9). If the intervie-
wee role LLM is asked a question about content
not included in its assigned persona’s values, it is
configured to respond with “I don’t know.” We use
GPT-40 (gpt-40-2024-11-20), provided by Ope-
nAI*, as the LLM. Additionally, LangGraph® is
employed to implement the dialogue flow control.
We implemented each specific task using a separate
LLM module. The following describes the roles of
LLM1 through LLM10 used in the system.

* LLM1: Generates small talk utterances for
the interviewer. The prompt includes the dia-
logue history.

LLMZ2: Generates small talk utterances for
the interviewee. The prompt includes the dia-
logue history and persona settings.

LLM3: Determines whether a career-related
topic has emerged during small talk. If such
a topic is detected, the small talk session is
terminated. The prompt includes the dialogue
history.

LLM4: Fill in the values from the intervie-
wee’s utterances to the corresponding ones
in the list of slots. The prompt includes the
dialogue history and the current list of slots.

LLMS: Based on the interviewee’s utterances,
this LLM predicts that the slot attributes cor-

4https: //openai.com/index/hello-gpt-40/
Shttps://github.com/langchain-ai/langgraph



‘ ID H Attributes Values of “Aoi Endo”
1 Basic Personal Information (Name, Age, | Aoi Endo, 30 years old, Niigata, Female
Hometown, Gender)

2 Personality Sincere, Cooperative

3 || Past Career ‘Worked continuously at a university hospital for 8 years.

4 | Current Career and Workplace Medical department (Internal Medicine). Acts as a deputy leader of the team.
Workplace relationships are favorable.

5 || Future Vision Considering advancing into nursing management positions.

6 || Concerns and Dissatisfaction Dissatisfied with the lack of promotion opportunities.

7 || Thoughts on Promotion or Career Change | Wishes to continue working at the same hospital in the future.

8 || Hobbies and Personal Life Enjoys handicrafts as a hobby.

9 || Family and Home Has one child. Parents live nearby and provide assistance with childcare.

10 || Memories and Episodes Learned the importance of building trust with patients through participation in medical
volunteer activities during student days.

Table 1: Overall Set of Attributes of Persona of Interviewees and an Example of a Value of an Interviewee “Aoi

Endo”
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Figure 4: Flowchart of Proposed Method and Baseline (In our actual implementation, it does not have any explicit
linked structure that represents the relationship between the list of slots and the predicted persona attributes, although
it is relatively easy to manually identify their linked relations.)

responding to the slots filled with values are
part of the interviewee’s persona, and outputs
them as a bulleted list labeled “Predicted Per-
sona Attributes.” In this list, each predicted
persona attribute is accompanied by a label
indicating whether or not a question related
to that attribute has already been asked dur-
ing the interview. The names of the predicted
persona attributes are carried over to the next
interview, but the labels indicating the ques-
tion status are reset to “Not asked” at the be-
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ginning of each new interview. The prompt
includes the dialogue history, the current list
of slots, and the previously predicted persona
attributes. Figure 4 shows part of the prompt
for LLMS. By introducing this mechanism
of predicting persona attributes, it is expected
that the system will be able to generate ques-
tions more efficiently. Specifically, it helps
avoid repeatedly asking questions about topics
that have already been addressed, and enables
the generation of slots and questions related




1D ‘ Persona Attributes

Generated Slots throughout the Interview

Number of Slots

1 | Personal Basic Infor- | Personal Basic Information
mation (Name, Age,

Hometown, Gender)

1

2 | Personality Personality

(98

Past Career Past Career

4 | Current Career and
Workplace

Current Career and Workplace, Workplace Relationships 2

5 | Future Vision Future Vision, Future Career Plans 2

6 | Concerns and Dissatis- | Concerns and Dissatisfactions 1
factions

7 | Thoughts on Promo- | Thoughts on Promotion or Career Change, Improvement of Professional Skills 2

tion or Career Change

8 | Hobbies and Personal | Hobbies and Personal Life

Life
9 | Family and Home Family and Home 1
10 | Memories and | Memories and Episodes 1
Episodes

(a) Generated Slots Corresponding to Persona Attributes

Generated Slots throughout the Interview

Number of Slots

Social Media, Smartphone Apps in Use, Task Management, Failures from My Student Days, Fashion Prefer- 39
ences, Favorite Mascot Character, Favorite Food, Favorite Words and Mottos, Least Favorite Food, Someone
You Respect, Favorite Music, The World 100 Years from Now, Time Management Tips, Side Jobs, Favorite
Snacks, Love and Relationships, The Most Difficult Experience in Life, Favorite Subject in School, Stock
Investment Experience, Thoughts on Asset Management, Expanding Your Network, Remote Work, Horseback
Riding Experience, Morning Routine, Computer Usage Frequency, Primary Care Doctor, Cooking Skills and
Signature Dishes, Tips for Decluttering and Organizing, How to Enjoy Overseas Travel, Language Learning
Tips, Sports Viewing, Gym Usage, Pets, Favorite Celebrity, Relationship with Technology, Commuting Meth-
ods, Challenges in Online Meetings, Managing Emotions, Differences in Financial Awareness

(b) Generated Slots Not Corresponding to Persona Attributes

Table 2: The Correspondence Table between the Persona Attributes and the Generated Slots

‘ Method H Ist interviewee ‘ 2nd interviewee ‘ 3rd interviewee ‘ 4th interviewee H Average ‘
Baseline 4/16 4/18 5/17 4718 4.25/17.25
Proposed Method 4/18 6/31 8/41 10/52 71355

to a wider range of topics. In addition, it is
expected to prioritize the selection of slots
that lead to meaningful information collec-
tion, thereby facilitating efficient acquisition
of persona attributes throughout the interview.

* LLM6: Generates new slots that are relevant
to the existing “Predicted Persona Attributes”.
The newly generated slots are added to the
list of slots. The prompt includes the dialogue
history, current list of slots, and predicted per-
sona attributes.

* LLM?7: Randomly selects a candidate from
the “Slot Attribute Candidates” and generates
a new slot corresponding to the same attribute
name. The generated slot is added to the list
of slots. The prompt includes the name of the
selected candidate from the “Slot Attribute
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Table 3: Evaluation Results of Persona Information Collection (Number of persona attributes collected from
interviewee / Number of accumulated slots)

Candidates”.

LLMS: Selects one unfilled slot from the cur-
rent list of slots and generates a question to
elicit the corresponding value. The prompt
includes the dialogue history, current list of
slots, and predicted persona attributes. If there
are slots corresponding to “Predicted Persona
Attributes” that have not been asked about in
the interview, LLM is instructed to prioritize
generating questions related to those persona
attributes.

LLM9: Generates the interviewee’s response
utterance. The prompt includes the dialogue
history and persona settings.

LLM10: The interview dialogue consists of
a minimum of 17 turns and a maximum of
20 turns. When the number of turns exceeds



System:

How have you been lately? How’s work going? If you’ve had any fun or refreshing
moments despite being busy, I’d love to hear about them.

Interviewee: On my days off, I refresh myself by visiting cafes and watching movies.

System: Could you tell me about your current workplace and career?

Interviewee: I work in the obstetrics and gynecology department at a university hospital, where
I provide care for pregnant women and postpartum mothers.

System: Are there any concerns or dissatisfactions regarding your current workplace or
career?

Interviewee: I find it challenging to provide emotional support to patients who have anxieties
about pregnancy and childbirth.

System: What are your goals or aspirations for your future career?

Interviewee: I want to obtain a midwifery qualification and become someone who can provide
more comprehensive physical and emotional support to patients.

System: Could you tell me about your family?

Interviewee: I have my parents and an older brother, but I currently live alone.

System: Have you ever considered a promotion or changing jobs?

Interviewee: I am satisfied with my current workplace and aim to obtain a midwifery qualifica-
tion to engage in more specialized work.

System: Could you tell me about your career so far?

Interviewee: This is my eighth year as a nurse. [ worked for four years at a regional general
hospital before transferring to my current university hospital.

System: What kind of routine do you follow after waking up in the morning?

Interviewee: Idon’t know.

System: What kind of nurse do you aspire to become in the future?

Interviewee: I want to be a nurse who can provide deeper support for patients’ physical and
emotional well-being.

System: How would you describe your personality?

Interviewee: I believe I am sincere and trustworthy, with a strong desire to improve and a
willingness to put in the effort.

System: Have you ever been interested in stock investments or asset management?

Interviewee: 1don’t know.

System: How do you feel about the human relationships at your workplace?

Interviewee: The collaboration with doctors and midwives is smooth, and I am satisfied with
the teamwork at my workplace.

System: Are you currently working on anything to improve your professional skills at
your workplace?

Interviewee: 1don’t know.

System: Could you tell me about your birthplace or where you are from?

Interviewee: I am from Tokyo.

System: Are there any countries or regions you have wanted to visit?

Interviewee: Idon’t know.

System: Can you share any experiences of failure and how you overcame them?

Interviewee: I don’t know.

System: Do you have any hobbies or activities that you enjoy in your daily life?

Interviewee: On my days off, I refresh myself by visiting cafes and watching movies.

System: That concludes our interview. Thank you very much.

Figure 5: An Example of Interview Dialogue

Persona ID:8
Slot:"Current Career and Workplace"
Persona ID:4

Slot:"Concerns and Dissatisfactions"
Persona ID:6

Slot:"Future Career Plans"
Persona ID:5

Slot:"Family and Home"

Persona ID:9

Slot:"Thoughts on Promotion or Career
Change"

Persona ID:7

Slot:"Past Career"
Persona ID:3

Slot:"Morning Routine"

Slot:"Future Vision"
Persona ID:5

Slot:"Personality"
Persona ID:2

Slot:"Stock Investment Experience"

Slot:"Workplace Relationships"
Persona ID:4

Slot:" Improvement of Professional
Skills"

Slot:"Personal Basic Information"
Persona ID:1
Slot:" How to Enjoy Overseas Travel"

Slot:"Memories and Episodes"

Slot:"Hobbies and Personal Life"
Persona ID:8

17, LLM10 determines whether the interview
can be concluded based on whether sufficient
information about the interviewee has been
elicited. The prompt includes the dialogue
history and the current list of slots.

In this study, we compare two methods to eval-
uate the effectiveness of using LLMs in semi-
structured interviews.

Proposed Method The proposed method allows
the list of slots to persist across interviews. While
slot values are reset when the interviewee changes,
the slots themselves (including how many times
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each slot was referenced previously) are retained.
By utilizing these accumulated slots, the LLM
can prioritize generating questions that are already
known to be relevant, there by increasing effi-
ciency in collecting persona attributes across a se-
ries of interviews. Figure 4 shows a flowchart for
semi-structured interviews based on the proposed
method, where, as described in its detailed cap-
tion, its key component is the “persona attributes
prediction” function, which contributes to priori-
tizing generating questions known to be relevant
to collecting persona attributes. The following de-
scribes the procedural flow of the proposed method



An interview is being conducted between a nurse, who is
the interviewee, and the interviewer. You are responsible
for analyzing the dialogue history and existing slots, and
from there, working backward to estimate the persona of
the interviewee.

# Instructions

Please estimate what kind of attributes the interviewee has,
using the following sources as reference:

1. Dialogue history

2. Existing slots

Each persona consists of attributes and corresponding val-
ues.

The interviewee’s responses are generated based on the
persona, so infer the persona’s attributes based on those
responses.

If the interviewee responds with "I don’t know" to a ques-
tion, treat that item as not having any persona information.
If there are new persona attributes that can be added to what
has been estimated so far, do so. If multiple existing persona
attributes can be grouped into a more abstract category,
group them accordingly.

# Explanation of Slots

Use slots to organize and record the nurse’s persona infor-
mation.

Each slot consists of three elements: slot name, ques-
tion_priority, and value.

Slot name: The name of the slot in which persona informa-
tion is recorded.

question_priority: Do not change this item.

value: The persona information recorded in the slot.
Example:{"Current Career": {"question_priority": 1,
"value": "Working in the internal medicine department
of a university hospital"}, "Concerns or Dissatisfaction":
{"question_priority": 2, "value": "Having trouble with inter-
personal relationships"} }

# Output Instructions

List the inferred persona attributes.

Summarize the slot names (which contain persona informa-
tion) into abstract keywords with the minimum necessary
number.

Review the interview dialogue history, and mark whether
each persona attribute has already been asked about.

If it has been asked, write "done" after the attribute.

If it hasn’t been asked, write "not yet" after the attribute.- - -

Table 4: Part of the Prompt for LLM5

during an interview. (i) Fill in the values of the
corresponding slots based on the interviewee’s ut-
terance(LLM4). (ii) Predict the slot attribute (from
the slot filled based on the interviewee’s utterance)
as a part of the interviewee’s persona, and out-
put the result as a bulleted list of “Predicted Per-
sona Attributes”’(LLMS5). (iii) Determine whether
to end the dialogue(LLM10). (iv) If the decision
is not to end the dialogue, either (v) or (vi) is se-
lected with 50% probability. (v) Generate a new
slot related to an existing “Predicted Persona At-
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tribute”(LLM6). (vi) Randomly select one candi-
date from the list of “Slot Attribute Candidates”
and generate a slot with an attribute name same to
that candidate(LLM?7). Once an attribute is selected
from the “Slot Attribute Candidates,” the selected
attribute is removed from the “Slot Attribute Can-
didates,” so that it is expected that all 10 initially
prepared persona attributes are definitely selected
throughout the series of semi-structured interviews.
(vii) Determine once again whether to end the dia-
logue(LLM10). (viii) Select unfilled slots from the
slot list and generate a question to fill them(LLMS).
(ix) Interviewee’s utterance(LLM9). Repeat the
cycle from (i) to (ix) until a decision is made to end
the interview.

Baseline Semi-structured interviews are con-
ducted by resetting the slots to their original initial
slot set each time the interviewee changes. “Slot
Attribute Candidates” are also reset to the original
ones each time the interviewee changes. Although
the LLM can generate new slots for each inter-
viewee, these slots are discarded before the next
interview. As a result, each interview is conducted
independently, without leveraging any slot infor-
mation from previous interviews.

5.3 Initial Slot Set

At the beginning of the interview with the first
one, both the baseline and the proposed methods
begin with the initial slot set provided to the inter-
viewer role LLM. The initial slot set consists of two
slots, “Current Career” and “Concerns and Dissat-
isfaction,”. Those slots correspond to the persona
attributes “Current Career and Workplace” (Per-
sona ID: 4) and “Concerns and Dissatisfactions”
(Persona ID: 6), respectively in Table 1 and Ta-
ble 2. In the baseline, the initial slot set is reset at
the beginning of each interview. This means that
for every interviewee, the interviewer LLM starts
from the same predefined initial slot set without
carrying over any list of slots generated in previous
interviews. In contrast, the proposed method can
accumulate slots generated during previous inter-
views. When transitioning to a new interviewee,
the interviewer LLM can inherit the list of slots
from previous interviews as a guide for subsequent
interviews. As a result, from the second interview
onward, the newly generated slots, in addition to
the slots initially set, are accumulated and carried
over to the next interview.



5.4 Evaluation Procedure

As the evaluation metric, we employ the number
of collected persona attributes introduced in Sec-
tion 5.1. As described in Section 5.1, each intervie-
wee has persona with 10 attributes and their values.
As the “Slot Attribute Candidates” described in
Figure 4, we prepare 50 attributes in total, among
which all the 10 persona attributes except the two
initial slots listed in Table 1 and Table 2 are in-
cluded.

In this evaluation, after a semi-structured inter-
view, the first author reviews the interview dialogue
and the accumulated slots to measure the number
of persona attributes collected through the semi-
structured interview, and compares them with the
baseline without accumulating generated slots dur-
ing the semi-structured interviews.

5.5 Evaluation Results

The evaluation results are summarized in Table 3,
which compares the number of persona attributes
collected through semi-structured interviews un-
der the baseline and the proposed method. An
example with the proposed method (the dialogue
with the fourth interviewee) is shown in Figure 5.
Table 2 illustrates the correspondence between per-
sona attributes and the slot list as of the end of the
fourth interviewee’s session when using the pro-
posed method. In terms of persona information
collection, the proposed method outperformed the
baseline in the number of collected attributes. On
average, the proposed method collected 6.5 per-
sona attributes per participant, while the baseline
collected 4.25 persona attributes By accumulating
generated slots in the proposed method, more effi-
cient and precise question generation was achieved,
enabling the interviewer LLM to uncover a greater
variety of persona attributes. As a result of manu-
ally reviewing and evaluating the newly generated
slots by LLM6, it was found that slots with at-
tributes deemed to be relevant were generated. For
example, LLM6 generated a slot with the attribute
“Workplace Relationships,” which was determined
to be related to the slot “Current Career and Work-
place.”

6 Conclusion

This paper proposed a dialogue control manage-
ment framework using LLMs for semi-structured
interviews, with a particular focus on career inter-
views conducted by nursing administrators. The
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proposed framework enables flexible dialogue con-
trol by dynamically generating and updating slots
based on the interviewee’s responses, as well as pro-
gressively constructing the list of slots throughout
interviews with multiple interviewees. We demon-
strated that LLMs can effectively perform the role
of interviewer, facilitating semi-structured inter-
views through generating slots, filling slots, gener-
ating question, and conditional branching decisions.
By implementing a mechanism for accumulating
the list of generated slots, the proposed framework
achieved more efficient and precise question gen-
eration across a series of interviews. Evaluation
results confirmed that the proposed approach out-
performs the baseline without slot accumulation in
terms of the number of persona attributes and val-
ues collected throughout the semi-structured inter-
views. These results demonstrate the effectiveness
of the proposed framework for the difficult task of
dialogue control management in semi-structured
interviews. To address the current limitations, fu-
ture work will include experiments using larger and
more diverse datasets that better reflect real world
scenarios, experiments involving actual human par-
ticipants as interviewees, the adoption of more per-
suasive evaluation methods, further differentiation
between our approach and existing slot-filling di-
alogue systems, comparisons with other dialogue
management approaches, evaluations using multi-
ple LLMs beyond GPT-40, the expansion of both
the number and diversity of personas, and an inves-
tigation into issues that arise from long-term slot
accumulation and possible solutions.

7 Limitations

In the current experimental setup, the interviewees
are simulated using an LLM-based user simula-
tor. Therefore, unlike interviews conducted with
real human participants, the dialogue may not fully
reflect real world interactions.
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A Structured Interview

A structured interview is conducted based on a pre-
defined set of questions, where all interviewees are
asked the same questions in the same order (Fig-
ure 1, left). In the example of a career interview
discussed in this paper (Figure 1), the interviewer
poses questions in the following sequence: “Job
description,” “Goals,” and “Skills or knowledge
you wish to acquire.” While this format has the
advantage of being straightforward to organize and
quantify the outcomes, it is difficult to elicit new
ideas or additional information that may arise dur-
ing the conversation.

B Flowchart for Structured Interviews

Figure 6 shows the flowcharts designed for semi-
structured interviews. The procedure for a struc-
tured interview is nearly identical to the “internal
module common to structured and semi-structured
interviews” described above, except for the follow-
ing points: 1) In the “question generation” step,
the question is generated to fill empty slots in the
list of slots given as the initial slot set. 2) In the
“slot filling” step, any relevant information from
the interviewee’s response is placed into the corre-
sponding slots in this initial slot set.

C Prompts Used in the System

The prompt template corresponding to each of
LLMI1 to LLM10 are shown in each of those from
Table 5 to Table 14. The texts enclosed in an-
gle brackets (e.g., <Dialogue History>, <List of
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Slots>, <Predicted Persona Attributes>, <Slot At-
tribute Candidate>) serve as placeholders within
the prompt templates. These placeholders are re-
placed with the appropriate data.
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Figure 6: Flowchart of Structured Interviews

# Task Description

You are an experienced nurse. You will conduct a career interview with a junior nurse.

At the beginning of the career interview, start with small talk with the interviewee, and then transition to career-related topics.
Each utterance should be around 100 characters.

Do not repeat the same utterance multiple times.

When responding, take the previous context into account.

Only generate the content of your utterance.

First, generate small talk with the interviewee for the beginning of the interview.

However, transition to career-related topics within 2-3 turns.

# Your Persona

Name: Keiko Naasu

Age: 34

Personality traits: Kind and compassionate, always considerate toward patients and colleagues. Has extensive professional
experience and can make appropriate decisions in various situations. Patient when mentoring new nurses. Calm and composed,
able to respond decisively in emergencies. Values teamwork and possesses excellent communication skills.

Background: Over 10 years of experience as a nurse, with work in multiple departments. Actively participates in the hospital’s
mentorship program and supports the growth of junior nurses.

Speaking style: Speaks in a friendly and approachable manner with junior nurses.

# Current Dialogue History
<Dialogue History>

Interviewer:

Table 5: Prompt for LLM1
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# Task Description

You are a user seeking "career consultation." Please generate responses while following the rules below.

Each response should be about 80 characters long.

Generate responses based only on the contents written in the persona settings below, while taking the previous context into
account.

Do not add information that is not in the persona settings.

You are not allowed to "imagine" or "create" responses based on content that does not exist in the persona.

# Notes

If there is no information related to the persona settings, reply only with “I don’t know.”
Do not provide fictional information.

Do not generate questions.

Do not repeat the same utterance.

### Example##

# Example of Your Persona Settings

## Hobbies/Private Life ##

Hobby is mountain climbing

## Past Career ##

8th year as a nurse

## Current Career ##

Working in the surgical department of a university hospital
## Future Vision ##

Aiming to become a nurse manager

## Memory/Episode ##

Built a connection with an elderly female patient through handicrafts

# Expected Behavior as Interviewee

Interviewer: What is your hobby? How do you usually spend your weekends?

Interviewee: My hobby is mountain climbing. (As “Hobby is mountain climbing” is in the persona.)
Interviewer: What kind of training have you taken in the past?

Interviewee: I don’t know. (Since the persona has no information, reply with “I don’t know.”)
Interviewer: Where are you currently working?

Interviewee: I work in the surgical department of a university hospital. (As written in the persona.)
Interviewer: What kind of learning or realization have you had through interaction with patients?
Interviewee: I don’t know. (Since the persona has no information, reply with “I don’t know.”)
Interviewer: When do you feel particularly fulfilled in your current job?

Interviewee: I don’t know. (Since the persona has no information, reply with “I don’t know.”)

# Your Persona Settings

- Basic Personal Information

Name: Aoi Hasegawa

Age: 30

From: Tokyo

Gender: Female

- Personality

Sincere and trusted: Faces patients and their families sincerely, providing reassurance
Ambitious and hardworking: Actively learns new knowledge and skills, values self-growth

(10 persona attributes are listed here.)
- Memories / Episodes
Felt a renewed sense of purpose as a nurse when a patient she assisted during childbirth thanked her, saying, "I felt at ease

because you were there."

# Current Dialogue History
<Dialogue History>

Interviewee:

Table 6: Prompt for LLM?2
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Based on the previous dialogue history, determine whether any career-related topics have been mentioned.
Do not make overly strict judgments.

If the following types of topics are included, determine that "a career-related topic is included":

Examples of career-related topics:

- Content related to current job roles or duties

- Content related to career goals or job changes

- Content related to balancing work and family or personal circumstances

- Content related to career development

Even if no career-related topics are included, if the interviewee has spoken two or more times, you must output ‘True*.
# Output Instructions
If the dialogue history includes career-related topics, output ‘True‘; if it does not, output ‘False*.

No other output is needed. Be sure to answer only with “True‘ or ‘False*.

# Dialogue History:
<Dialogue History>

Judgment:

Table 7: Prompt for LLM3
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Analyze the dialogue history between the interviewer and the interviewee, who is a nurse, and add the interviewee’s persona
information to the slots.

When adding persona information to the slots, reflect the words or terminology used by the interviewee in their responses.

You may also add information to slots that already contain data.

# Explanation of Slots

Use slots to organize and record the nurse’s persona information.

Each slot consists of three elements: slot name, question_priority, and value.

- Slot name: The name of the slot used to record persona information.

- question_priority: Do not modify this field.

- value: The persona information recorded in the slot.

Example:{"Current Career": {"question_priority": 1, "value": "Working in the internal medicine department of a university
hospital"}, "Concerns or Dissatisfaction": {"question_priority": 2, "value": "Having trouble with interpersonal relationships"}}

# How to Add Information to Slots

1. Analyze the existing slots and dialogue history to identify any information in the interviewee’s responses that is not yet
recorded in the slots.

2. Add that information to the most appropriate existing slot. If it cannot be added to an existing slot, do not create a new
one—add it to the slot with the closest meaning.

3. Add relevant information to the corresponding slot even if it appeared in older dialogue.

4. If the interviewee responds with "I don’t know," input the following into the value of the slot used in the question: "Do not
generate similar slots to this one."

Example:{"Current Career": {"question_priority": 1, "value": "Do not generate similar slots to this one."}, "Concerns or
Dissatisfaction": {"question_priority": 2, "value": "Having trouble with interpersonal relationships"} }

# Output Instructions

Be sure to output in JSON format.

Output all original slots do not delete any slots.
Never create new slots.

Never change the value of question_priority.
Only add information to the value field.

# Output Example
{
"Slot Name 1": { // Slot name
"question_priority": integer, // Do not change this number under any circumstance
"value": "Enter or add information here" // Input information into the slot
}s
"Slot Name 2": { // Slot name
"question_priority": integer, // Do not change this number under any circumstance
"value": null // Leave as null if it cannot be filled

# Dialogue History
<Dialogue History>

# Existing Slots
<List of Slots>

Output:

Table 8: Prompt for LLM4
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An interview is being conducted between a nurse, who is the interviewee, and the interviewer.
You are responsible for analyzing the dialogue history and existing slots, and from there, working backward to estimate the
persona of the interviewee.

# Instructions

Please estimate what kind of attributes the interviewee has, using the following sources as reference:

1. Dialogue history

2. Existing slots

Each persona consists of attributes and corresponding values.

The interviewee’s responses are generated based on the persona, so infer the persona’s attributes based on those responses.

If the interviewee responds with "I don’t know" to a question, treat that item as not having any persona information.

If there are new persona attributes that can be added to what has been estimated so far, do so. If multiple existing persona
attributes can be grouped into a more abstract category, group them accordingly.

# Explanation of Slots

Use slots to organize and record the nurse’s persona information.

Each slot consists of three elements: slot name, question_priority, and value.

- Slot name: The name of the slot in which persona information is recorded.

- question_priority: Do not change this item.

- value: The persona information recorded in the slot.

Example:{"Current Career": {"question_priority": 1, "value": "Working in the internal medicine department of a university
hospital"}, "Concerns or Dissatisfaction": {"question_priority": 2, "value": "Having trouble with interpersonal relationships"}}

# Output Instructions

List the inferred persona attributes.

Summarize the slot names (which contain persona information) into abstract keywords with the minimum necessary number.
Review the interview dialogue history, and mark whether each persona attribute has already been asked about.

If it has been asked, write "Done" after the attribute.

If it hasn’t been asked, write "Not yet" after the attribute.

Please think and output as follows:

1. Confirm that information is available in slots such as "Current Career", "Leadership Experience", "Concerns or Dissatisfaction",
"Workplace Atmosphere", and "Stress Relief Methods".

2. Group the slots that contain information into abstract keywords. For example, "Current Career", "Leadership Experience", and
"Workplace Atmosphere"” can be grouped into "Career/Workplace". "Concerns or Dissatisfaction" and "Stress Relief Methods"
can be grouped into "Concerns and Stress".

3. These grouped keywords represent the inferred persona attributes, so output them.

# Output Example

[Output one persona attribute here]: Done
[Output one persona attribute here]: Not yet
[Output one persona attribute here]: Done

# Dialogue History
<Dialogue History>

# Existing Slots
<List of Slots>

# Currently Estimated Persona Attributes
<Predicted Persona Attributes>

Output:

Table 9: Prompt for LLMS5
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Analyze the dialogue history with the interviewee, who is a nurse, and create a slot to collect the nurse’s persona information.
Based on the dialogue history, generate only one new slot that can be used to organize the interviewee’s persona information.
Be careful not to conceptually overlap with existing slots, and generate a slot name that is abstract enough to efficiently extract
information.

# How to Create a New Slot

1. Dialogue Analysis: Extract persona information expressed by the nurse during the conversation.

2. Slot Creation: Create a new slot that further explores the response to the previous question. Use an abstract slot name (e.g.,
"Career", "Concerns or Dissatisfaction", etc.—brief expressions using keywords).

- Do not create slots with the same name or concept as existing ones.

- If a slot has a value of "Do not generate similar slots to this one. Please create a different abstract slot.", it is considered that no
information is available for it. Therefore, never create a similar slot.

3. Reflect on past dialogue history and, if there is any information that has not yet been extracted as a persona slot, create a new
slot for it.

# Explanation of Slots

Use slots to organize and record the nurse’s persona information.

Each slot consists of three elements: slot name, question_priority, and value.

- Slot name: The name of the slot used to record persona information.

- question_priority: Always set to 0 for newly created slots.

- value: Always set to null for newly created slots.

Example:{"Current Career": {"question_priority": 0, "value": null}, "Concerns or Dissatisfaction": {"question_priority": 0,
"value": null}}

# Estimated Persona

The following are the interviewee’s persona attributes inferred from the information already obtained. If an attribute was asked
about in the interview, mark it as "Done"; if not, mark it as "Not yet".

The existing slots that contain obtained information are considered to fall under one of the estimated persona categories.

You must generate a new slot with a topic that cannot be classified under any of the following estimated personas:

<Predicted Persona Attributes>

# Notes
Do not create slots that have the same name or similar concepts as existing slots.
Do not recreate slots similar to any that have a value set to: "Do not generate similar slots to this one."

# Output Instructions

Be sure to output in JSON format.

Generate only one new slot.

Do not include any existing slots in the output-only output the newly created slot.
If you determine that there is no need to create a new slot, output None.

# Output Example
{

"Current Career": { // An abstract slot name that does not overlap with existing slots
{uestion_priority": 0, // Always set to 0
Value": null // Always set to null

}

# Dialogue History
<Dialogue History>

# Existing Slots
<List of Slots>

Output:

Table 10: Prompt for LLM6
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Analyze the dialogue history with the interviewee, who is a nurse, and create a slot to collect the nurse’s persona information.
Create a slot based on the given topic.

# How to Create a New Slot
1. Slot Creation: Create a slot where the given topic itself becomes the slot name.

# Explanation of Slots

Use slots to organize and record the nurse’s persona information.

Each slot consists of three elements: slot name, question_priority, and value.

- Slot name: The name of the slot used to record persona information.

- question_priority: Always set to O for newly created slots.

- value: Always set to null for newly created slots.

Example:{"Current Career": {"question_priority": 0, "value": null}, "Concerns or Dissatisfaction": {"question_priority": 0,
"value": null}}

# Notes
Create one slot using the given topic as the slot name.

# Output Instructions
Be sure to output in JSON format.
Do not include any existing slots in the output—only output the newly created slot.

# Output Example
{
"Current Career": { // Use the given topic directly as the slot name
"question_priority": 0, // Always set to 0
"value": null // Always set to null
}
}

# Topic
<Slot Attribute Candidate>

Output:

Table 11: Prompt for LLM7
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Ask questions to the interviewee, who is a nurse, in order to collect persona information. Use slots to organize and record the
nurse’s persona information. Please create questions that broadly elicit persona information. Please follow the rules below:
Create only one question at a time (about 100 characters in length).

Do not ask similar questions to those that the interviewee has already responded to with "I don’t know."

Refer to the dialogue history and avoid questions that are similar to ones already asked.

Make the question clear, including the subject and object.

Ask questions in a one-question-one-answer format to efficiently elicit persona information from the interviewee.

# Explanation of Slots

Use slots to organize and record the nurse’s persona information.

Each slot consists of three elements: slot name, question_priority, and value.

- Slot name: The name of the slot used to record persona information.

- question_priority: Do not change this field.

- value: The recorded persona information.

Example:{"Current Career": {"question_priority": 0, "value": "Working in the internal medicine department of a university
hospital"}, "Concerns or Dissatisfaction": {"question_priority": 0, "value": "Having trouble with interpersonal relationships"} }

# Estimated Persona

Below are the persona attributes inferred from the existing slots. If a persona attribute has already been asked in the interview
dialogue history, it is marked as "Done". If it has not yet been asked, it is marked as "Not yet".

<Predicted Persona Attributes>

# Steps to Create a Question

1. Select one or more slots (Target_Slot) that correspond to estimated persona attributes not yet asked. Do not select slots related
to persona attributes that have already been clarified through previously asked questions. The purpose is to draw out a wide range
of persona information. Repeating the same question will not yield more persona information, so create new questions to elicit
new information.

2. Create a question that asks about the chosen slot in an abstract manner.

Example: (Slot: Attitude toward learning in the workplace)

Incorrect: What is your attitude toward learning at your workplace?

Correct: Could you tell me about your experience at work?

By asking the question in an abstract way, allow the interviewee to speak freely. Once a topic has been asked about, avoid
repeating questions about it. 3. If the interviewee has answered "I don’t know" to a certain topic, consider that no persona
information exists for it, and do not create similar questions. The goal of this interview is to draw out a wide range of persona
information in the shortest time possible.

# Output Instructions
Be sure to output in JSON format.
Select only slots where value is null.

# Output Example
{
"Target_Slot": { // Efficiently create a question from one or more slots

"Slot Name 1": {
"question_priority": 0,
"value": null

)

"Slot Name 2": {
"question_priority": 0,
"value": null

}

3

"Question": "Generated question" // Create only one question
# Dialogue History
<Dialogue History>

# Existing Slots
<List of Slots>

Output:

Table 12: Prompt for LLM8
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# Task Description

You are to act as a user engaging in a "career consultation" and generate responses according to the following rules.
Each response should be approximately 80 characters.

Refer only to the contents written in the persona settings below, and generate your response based on the context so far.
Do not add any information that is not included in the persona settings.

Do not "imagine" or "create" answers that are not present in the persona settings.

# Important Notes

If there is no information related to the persona settings, respond only with "I don’t know."
Do not provide fictional information.

Do not generate questions.

Do not repeat the same response.

### Example ###

# Example of Your Persona Settings

## Hobbies / Private Life ##

Hobby is mountain climbing

## Past Career ##

8th year as a nurse

## Current Career ##

Working in the surgery department of a university hospital
## Future Goals ##

Aiming for a nursing management position

## Memories / Episodes ##

Built a bond with an elderly female patient through handicrafts

# Expected Behavior as the Interviewee

Interviewer: What are your hobbies? How do you usually spend your weekends?
Interviewee: My hobby is mountain climbing. (As stated in the persona: "Hobby is mountain climbing")
Interviewer: What kind of training have you received in the past?

Interviewee: I don’t know. (Responds "I don’t know" because it’s not in the persona)
Interviewer: Where are you currently working?

Interviewee: I work in the surgery department of a university hospital. (Based on the persona)
Interviewer: What insights have you gained through your interactions with patients?
Interviewee: I don’t know. (Responds "I don’t know" because it’s not in the persona)
Interviewer: What do you find most rewarding in your current job?

Interviewee: I don’t know. (Responds “I don’t know” because it’s not in the persona)

# Your Persona Settings

- Basic Personal Information

Name: Aoi Hasegawa

Age: 30

From: Tokyo

Gender: Female

- Personality

Sincere and trusted: Faces patients and their families sincerely, providing reassurance
Ambitious and hardworking: Actively learns new knowledge and skills, values self-growth

(10 persona attributes are listed here.)
- Memories / Episodes
Felt a renewed sense of purpose as a nurse when a patient she assisted during childbirth thanked her, saying, "I felt at ease

because you were there."

# Current Dialogue History
<Dialogue History>

Interviewee:

Table 13: Prompt for LLM9
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Based on a comprehensive judgment of the following elements, determine whether the interview dialogue should be concluded.
The interviewer is a nurse conducting a career interview with a junior nurse (the interviewee), aiming to gather a wide range of
information about the interviewee.

# Examples of conditions for ending the interview dialogue:
If, based on the dialogue history and existing slots, it can be determined that sufficient information has been gathered from the
interviewee.

# Examples of conditions for continuing the interview dialogue:
If the dialogue is still in progress.
If the interviewee is presenting new questions or topics.

# Output Instructions
If the dialogue should be ended, output end; if it should be continued, output continue.

No other output is necessary. Be sure to output only end or continue.

# Dialogue History
<Dialogue History>

# Existing Slots
<List of Slots>

Output:

Table 14: Prompt for LLM10
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Abstract

The integration of dialogue agents into the sales
domain requires a deep understanding of how
these systems interact with users possessing
diverse personas. This study explores the in-
fluence of user personas, defined using the
Myers-Briggs Type Indicator (MBTI), on the
interaction quality and performance of sales-
oriented dialogue agents. Through large-scale
testing and analysis, we assess the pre-trained
agent’s effectiveness, adaptability, and person-
alization capabilities across a wide range of
MBTI-defined user types. Our findings re-
veal significant patterns in interaction dynam-
ics, task completion rates, and dialogue natu-
ralness, underscoring the future potential for
dialogue agents to refine their strategies to bet-
ter align with varying personality traits. This
work not only provides actionable insights for
building more adaptive and user-centric conver-
sational systems in the sales domain but also
contributes broadly to the field by releasing
persona-defined user simulators. These simula-
tors, unconstrained by domain, offer valuable
tools for future research and demonstrate the
potential for scaling personalized dialogue sys-
tems across diverse applications.’

1 Introduction

Dialogue systems are becoming essential in the
sales industry, enabling businesses to commu-
nicate more effectively with their customers
(Adamopoulou and Moussiades, 2020). These Al-
driven systems assist customers by providing prod-
uct recommendations, answering inquiries, and
supporting better purchasing decisions. However,
each user is unique, with communication styles that
vary according to their personality traits. To cre-
ate more effective dialogue systems, it is crucial to
account for these individual differences. Most con-
ventional conversational systems adopt a “one size

The code and scripts are available at https://github.
com/MiuLab/MBTI-User.
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fits all” approach, which often results in impersonal
interactions. Incorporating an understanding of per-
sonality differences can enable dialogue systems
to tailor their responses and communication styles,
enhancing user satisfaction and engagement.

Personality significantly influences conversa-
tional preferences. While some individuals favor
concise, direct exchanges, others value detailed and
exploratory interactions. For instance, Zhang et al.
(2018) proposed creating user profiles based on
5-sentence textual descriptions, such as: “I am a
vegetarian. I like swimming. My father used to
work for Ford. My favorite band is Maroon5. I got
a new job last month, which is about advertising
design.” Current dialogue systems often rely on
general user information, such as name, age, prefer-
ences, and occupation, to personalize interactions.
However, these approaches failed to capture the
deeper psychological traits that drive user behavior
and shape user preference.

To fill in the gap, this study investigates how per-
sonality traits, as defined by the Myers-Briggs Type
Indicator (MBTI), influence interaction quality and
the performance of sales-oriented dialogue agents.
The MBTI is a widely used framework that catego-
rizes individuals into 16 personality types based on
four key dimensions: extraversion (E) vs. introver-
sion (I), sensing (S) vs. intuition (N), thinking (T)
vs. feeling (F), and judging (J) vs. perceiving (P).
These dimensions shape how individuals gather in-
formation, make decisions, and respond to various
communication styles.

In this study, we employed SALESAGENT
(Chang and Chen, 2024), a pretrained sales-
oriented dialogue agent, to investigate how dif-
ferent personality traits influence conversational
outcomes. The goal was to explore whether vari-
ations in user personalities lead to distinct inter-
action patterns, thereby highlighting the potential
for developing customized dialogue agents tailored
for marketing applications (Chiu et al., 2022; Mu-

Proceedings of the 15th International Workshop on Spoken Dialogue Systems Technology, pages 6071
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rakhovs’ka et al., 2023). SALESAGENT (Chang
and Chen, 2024) is designed to initiate interac-
tions with casual chit-chat before transitioning into
task-oriented conversations. We conducted exper-
iments using SALESAGENT with a diverse set of
MBTI-based user simulators. Each simulator repre-
sented a specific personality type, characterized by
hobbies, occupations, and preferences reflective of
their MBTI profile. The agent’s marketing perfor-
mance was evaluated across key metrics, including
task completion rates and dialogue quality (mea-
sured by naturalness, coherence, smoothness, agent
aggressiveness, and consistency). Our analysis un-
covered significant differences in how users with
various personality traits interacted with the agent.
For instance, some personality types responded pos-
itively to direct, structured communication, while
others preferred more flexible, open-ended interac-
tions.

Our findings highlight the importance of
personality-based approaches in enhancing dia-
logue agents. The results revealed clear distinc-
tions in user-agent interactions based on MBTI per-
sonality types. Extraverted (E) users achieved the
highest task success rate at 82.7%, while judging
(J) users had the lowest at 62.1%. Similarly, feel-
ing (F) users sustained conversations on the same
topic longer, with a continuation ratio of 40.58%,
compared to 31.30% for judging (J) users. These
findings demonstrate the need for dialogue agents
to adapt their strategies to accommodate diverse
personality traits effectively.

Beyond providing practical recommendations,
this study contributes to the broader field of per-
sonalized conversational Al by introducing a set
of MBTI-based persona-defined user simulators.
These simulators serve as a valuable resource for
future research, enabling the development of more
personalized systems across various domains, such
as psychological counseling. The insights gained
from this work demonstrate the potential for ex-
panding personalized dialogue systems to a wide
range of applications.

2 Related Work

2.1 LLMs in Conversational Sales

Previous studies have been explored various per-
spectives in terms of application in business do-
main, such as marketing, sales etc. Chiu et al.
(2022) developed the first salesbot datasets com-
bining chit-chat dialogue and task-oriented dia-
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logue to mimick the conversation between actual
salesperson and the user. Chang and Chen (2024)
further improved the datasets, SalesBot 2.0, by
leveraging LLMs common-sense and further con-
struct a SALESAGENT by fine-tuning LLaMA-2-
7B model with the new datasets. Murakhovs’ka
et al. (Murakhovs’ka et al., 2023) proposed Sale-
sOps, a framework that uses LLM-powered agents
to simulate realistic sales conversations involving
complex products. Their system, SalesBot, inte-
grates product catalogs and buying guides to pro-
vide both recommendations and educational value.
Compared to professional salespeople, SalesBot
showed similar fluency and informativeness but
still underperformed in recommendation accuracy.
This work highlights the potential of LLMs in per-
sonalized marketing and the importance of knowl-
edge grounding in sales-oriented dialog systems.

2.2 Personality Research in LLMs

Recent studies have categorized the use of personas
in large language models (LLMs) into two primary
directions: LLM Role-Playing and LLM Person-
alization (Tseng et al., 2024). In the role-playing
setting, personas are assigned to LLMs to simulate
specific professional or social roles (e.g., judges,
doctors, engineers) within task-oriented environ-
ments. In contrast, personalization focuses on mod-
eling user personas to generate tailored responses
in applications such as recommendation systems,
dialogue agents, and educational platforms. This
dichotomy offers a unified framework for under-
standing how persona modeling enhances contex-
tual relevance and user interaction in LLM-driven
systems.

In the domain of role-playing, Park et al. (2023)
introduced generative agents—LIL.M-based agents
equipped with memory, reflection, and planning
capabilities—to emulate human-like personas in
interactive environments. Deployed in a sandbox
world, these agents exhibited believable individual
and social behaviors, including relationship for-
mation and event coordination. Their architecture
highlights the importance of dynamic memory and
self-reflection in supporting consistent and evolv-
ing personas.

For personalization, researchers have explored
leveraging personality traits to guide LLM behav-
ior. Du et al. (2024) proposed the RLLI framework,
which employs LLM-based generative agents to
simulate user feedback based on the Big Five per-
sonality model. These agents generate subjective



quality-of-experience (QoE) ratings, enabling rein-
forcement learning models to adapt AIGC services
to user preferences. By embedding personality
traits through prompt engineering, the system en-
ables scalable, human-like personalization without
requiring real-time human feedback.

Moreover, Jiang et al. (2024) developed Per-
sonalLLM, a framework for evaluating whether
LLMs can consistently express assigned Big Five
traits. Through BFI tests and narrative writing, they
showed that GPT-3.5 and GPT-4 can exhibit trait-
consistent linguistic behaviors, which are partially
recognizable by human raters. Interestingly, the
perceived personality diminishes when participants
are told the author is an Al, highlighting the role of
transparency in Al-human interaction.

Finally, Pan and Zeng (2023) investigated
whether LLMs inherently exhibit human-like per-
sonalities using the MBTI as an evaluation frame-
work. Their findings suggest that LLMs, particu-
larly GPT-4, can display consistent MBTI types
(e.g., INTJ), and that these personalities can be in-
fluenced by prompt design and training data. While
informal, MBTI thus serves as a potentially useful
diagnostic lens for analyzing LLM behavior.

2.3 Salesperson Dialogue Agent

Chang and Chen (2024) introduced SALESAGENT,
a dialogue agent powered by LLMs and specifically
designed to employ sales-oriented conversational
strategies. The approach fine-tunes the agent using
automatically generated internal thoughts aligned
with an expert-defined conversational framework,
enabling the agent to exhibit strategic and purpose-
ful dialogue behaviors.

This method builds on the chain-of-thought
(CoT) and ReAct prompting paradigms (Wei et al.,
2022; Yao et al., 2023). Within this framework, the
dialogue agent begins by analyzing the conversa-
tional context to generate an understanding of the
current dialogue state. This includes recognizing
whether the user has revealed specific intents or
shown interest in particular topics. Based on this
contextual understanding, the agent formulates a di-
alogue policy that guides the generation of coherent
and strategic responses, steering the conversation
toward topics likely to engage the user effectively.

SALESAGENT was evaluated through simulated
conversations with 50 user simulators featuring
diverse personas generated by LLMs. These per-
sonas included variations in occupation, hobbies,
and interest levels across different topics. The re-
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sults demonstrated that CoT strategies improved
the agent’s ability to smoothly transition between
topics while maintaining explainability and coher-
ence in its responses.

Despite its promising results, the study’s exper-
imental setup did not account for the influence of
users’ personal traits within the personas of the
simulators. While the approach leveraged general
attributes such as occupations, hobbies, or interest
levels to define user personas, these descriptors are
insufficient to fully encapsulate the nuanced and
multifaceted nature of individual personalities. Per-
sonality is a critical factor that shapes how users
interact and respond in conversations, and relying
solely on generic characteristics fails to capture the
diversity and complexity of real user behaviors.

To address this limitation, our work adopts
a more structured and comprehensive approach
by incorporating the Myers-Briggs Type Indica-
tor (MBTI) (Boyle, 1995) to define user per-
sonas.  MBTI categorizes personality traits
across four dimensions: extroversion/introversion,
sensing/intuition, thinking/feeling, and judg-
ing/perceiving, resulting in 16 unique personality
types. By using MBTI-defined personas in our
user simulators, we aim to create more realistic and
nuanced representations of individual differences.

This study enables us to explore whether adapt-
ing dialogue strategies to users with distinct person-
ality profiles and interaction styles is important. By
examining the interplay between user personalities
and agent behaviors, we seek to gain deeper in-
sights into the agent’s ability to engage effectively
with a diverse range of users. Furthermore, this
allows us to evaluate the agent’s performance in
handling varied conversational dynamics and to
propose improvements for tailoring dialogue sys-
tems to better meet individual needs in the future.

3 Personality-Defined User Simulation

To investigate how personality influences user
behavior, we examine the interactions between
SALESAGENT and personality-defined user simula-
tors (Li et al., 2016; Giir et al., 2018). This section
outlines the process of constructing user simula-
tors with assigned personality traits and presents
statistics on the resulting user profiles.

3.1 Myers-Briggs Type Indicator (MBTI)

The Myers-Briggs Type Indicator (MBTI) is a
widely recognized personality assessment tool that



categorizes individuals into 16 personality types
based on four key dimensions (Boyle, 1995):

e Extraversion (E) vs. Introversion (I)

* Sensing (S) vs. Intuition (N)

* Thinking (T) vs. Feeling (F)

* Judging (J) vs. Perceiving (P)

Developed by Katharine Cook Briggs and Isabel
Briggs Myers and grounded in Carl Jung’s psycho-
logical type theory, MBTI has found broad applica-
tions in career counseling, organizational behavior,
and human-computer interaction (Kuipers et al.,
2009; Garden, 1997).

MBTTI is particularly advantageous in computa-
tional research due to its structured and categorical
nature, allowing personality modeling to be framed
as a multi-class classification problem (Cava and
Tagarelli, 2024). Compared to other personality
frameworks, MBTI provides an intuitive and action-
able means of analyzing behavioral traits, making
it a suitable foundation for Al-driven applications
(Stajner and Yenikent, 2021).

Our work focuses on analyzing a single dimen-
sion of MBTI at a time. This approach enables us
to isolate and differentiate personality traits within
the user simulator and assess the impact of these
traits on the performance of sales-oriented agents.

3.2 MBTI-Defined Personality

While there have been numerous attempts to lever-
age MBTI for response generation (Fu et al., 2024;
Wu et al., 2025), most prior work has focused on
chit-chat scenarios rather than goal-oriented set-
tings. Our work is the first to design MBTI-defined
user simulators specifically for evaluating dialogue
agents’ performance in communication within task-
oriented contexts.

This study emphasizes the incorporation of
MBTI personality traits into user simulators to
create diverse and realistic interaction scenarios.
Unlike traditional approaches that rely on fixed,
predefined personality profiles, our method focuses
on generating user personas based on individual
MBTI dimensions: Extraversion (E), Introversion
(D), Sensing (S), Intuition (N), Thinking (T), Feel-
ing (F), Judging (J), and Perceiving (P). This ap-
proach enables a more flexible and nuanced repre-
sentation of user behaviors, capturing the variabil-
ity inherent in different personality traits.

To construct these personas, we use structured
prompts that emphasize the defining characteristics
of each MBTI dimension. For instance, in generat-
ing personas for the Extraverted (E) type, prompts
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highlight attributes such as a focus on external in-
teractions, gaining energy from social engagement,
and readily taking initiative. Key characteristics for
the Extraverted (E) type include:

* Focus on the outside world

* Gain energy by interacting with people
Take action quickly
Communicate through talking
Process ideas outwardly
Act before thinking it through
Readily take initiative

* Have many broad interests

The personas generated through these prompts
offer valuable insights into how individuals with
different personality traits navigate social interac-
tions and make decisions. Below, we present the
complete prompt used to instruct ChatGPT to gen-
erate user profiles and and one example of the gen-
erated user profiles for the Extraverted (E) type.

7

Create a set of personas for a user
simulator, each embodying the Extraverted
personality trait. Each should be an
introduction of his or herself with the
hobby, job, and characteristics.

People who prefer Extraversion (E) tend to:
Focus on the outside world

Gain energy by interacting with people
Take action quickly

Communicate through talking

Process ideas outwardly

Act before thinking it through

Readily take initiative

Have many broad interests

Objective:

The aim is to create well-rounded personas
that capture the essence of extraverted
personality traits. These personas should
provide insight into how extraverted
individuals engage with others, manage
social interactions, and thrive in
environments that allow them to express
their outgoing nature.

Format:
Please generate personas in JSON format
like the following:
L
{ "id": "<id>,
"persona”: "<persona_1>"}, ...

]

Sample output:
<sample output>

To ensure compatibility with our simulator
framework, the personas are formatted in a JSON
structure. Each persona includes a unique identifier
and a brief introduction that outlines hobbies, oc-
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Figure 1: Age distribution of generated personas.

cupations, and key personality characteristics. For
a comprehensive overview, the complete set of per-
sonality keywords corresponding to all eight MBTI
dimensions is provided in Appendix A.

A sample user profile is provided here as a ref-
erence. It includes detailed information describing
an E-type personality, which can be used to prompt
LLMs to role-play and simulate the target user.

e N\

You're Mia Gomez, a 27-year-old event
planner who thrives on creating memorable
experiences. Whether coordinating weddings,
festivals, or corporate functions, you handle
every detail with flair and precision. You
love meeting new people, exploring art
galleries, and dancing at local clubs.

Your vibrant personality and ability to
connect with anyone make you a favorite
among clients and friends alike.

\.

3.3 Persona Dataset Statistics

To create a diverse and representative user simu-
lation, we generated a total of 80 personas, with
10 personas assigned to each of the 8 MBTI di-
mensions. The dataset reflects a wide range of
characteristics, including variations in age and oc-
cupational backgrounds. Note that the age and
occupation distributions can be adjusted through
sampling; however, we did not predefine a specific
distribution for this study, allowing for natural vari-
ation in the dataset.

Age Distribution Figure 1 presents the age distri-
bution of the generated personas. The majority fall
within the 31-40 age range, accounting for 43.75%
of the dataset, followed by the 21-30 age range,
which comprises 37.5%. The average age across
the personas is approximately 34 years.

Occupational Distribution To capture a broad
spectrum of professional backgrounds, the per-
sonas were assigned occupations spanning various

ISIC  Occupation Description & Examples
Manufacturing
C . .
(eg. mechanical engineer)

F Construction
(eg. civil engineer, construction manager)

G Wholesale and Retail Trade
Repair of Motor Vehicles
(eg. sales executive)

H Transportation and Storage
(eg. logistics coordinator)

I Accommodation and Food Service Activities
(eg. chef)

Information and Communication

J .

(eg. writer, software developer)
Financial and Insurance Activities

K .

(eg. accountant, financial analyst)

L Real Estate Activities
(eg. real estate agent)

M Professional, Scientific, and Technical Activities
(eg. lawyer, biotech researcher)

N Administrative and Support Service Activities
(eg. human resources manager, event planner)
Public Administration and Defense

O .

(eg. military officer)
Education

P
(eg. professor)

Q Human Health and Social Work Activities
(eg. fitness trainer, social worker)

R Arts, Entertainment, and Recreation
(eg. museum curator)

S Other Service Activities

(eg. nonprofit director )

Table 1: Occupational categories and examples.

industries. The most common category, Profes-
sional, Scientific, and Technical Activities, repre-
sents 25% of the dataset. Occupation assignments
follow the International Standard Industrial Clas-
sification (ISIC) framework (Division, 2008), en-
suring consistency and alignment with global stan-
dards. Table 1 and Figure 2 illustrate the occupa-
tional distribution of the personas.

This diverse range of personas enables a thor-
ough evaluation of SALESAGENT under varied
conditions, offering a comprehensive analysis of its
performance across different user profiles and inter-
action styles. Moreover, this paper contributes not
only by providing the generated personas, which
can be directly utilized as user simulators, but also
by presenting a flexible framework for generating
customized personas. This ensures broader appli-
cability and practicality for diverse use cases.
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Figure 2: Occupational distribution of personas.

3.4 Role-Playing Simulation

To evaluate the effectiveness of SALESAGENT,
we employ a role-playing framework inspired
by methodologies used in prior work (Chang
and Chen, 2024). Our approach utilizes the
1lama-2-7b-chat model (Touvron et al., 2023)
alongside personas generated via ChatGPT to sim-
ulate user interactions. Each persona is specifi-
cally designed to reflect a single MBTI personal-
ity dimension and is embedded with predefined
user preferences to guide interactions. These
preferences encompass various intent categories
such as no_preference, not_interested_2,
not_interested_4, and not_interested_all,
ensuring that the simulated user can reject topic
transitions misaligned with their interests.

For each MBTI dimension, we generate 10
unique personas, resulting in a total of 80 distinct
personas across the eight MBTI dimensions. Each
persona engages with SALESAGENT in five dia-
logues, yielding a total of 400 interactions. This
setup provides a comprehensive dataset to assess
how effectively the agent adapts to diverse user
preferences and conversational styles.

4 Experimental Results and Analysis

In this section, we evaluate the performance of
SALESAGENT across different personality traits,
focusing on key conversational aspects such as mar-
keting success rates, conversation quality, conver-
sation length, and the agent’s thought patterns. The
primary objective is to analyze how personality
traits influence interaction patterns and assess the
feasibility of adapting the agent model for person-
alized dialogue strategies.
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4.1 Dialogue Quality Evaluation

Following the interactions between simulated users
and SALESAGENT, all dialogues were evaluated
using five key criteria to ensure a robust assess-
ment (Chang and Chen, 2024):

* Dialogue Naturalness: assesses how human-
like and fluid the conversation feels.

* Dialogue Coherence: evaluates the logical
consistency and relevance maintained through-
out the dialogue.

* Agent Aggressiveness: measures the extent
to which the agent pushes for task completion;
lower levels indicate better alignment with
user comfort.

* Agent Smoothness: examines the agent’s
ability to transition between topics seamlessly
without abrupt changes.

» Agent Consistency: determines how well the
agent adheres to its intended persona through-
out the conversation.

The evaluations were conducted using GPT-4
(OpenAl, 2023), which provided ratings based on
these criteria. This analysis enables a detailed com-
parison of SALESAGENT’s performance across var-
ious personality traits, offering valuable insights
into its ability to adapt to diverse user profiles.

Table 2 presents a comprehensive evaluation of
dialogue and agent quality across different person-
ality types. Overall, the results suggest that the
dialogues were generally well-received. The find-
ings also reveal patterns that align with specific
personality traits, providing insights into how user
characteristics influence their dialogue experiences.

In terms of dialogue quality, including natural-
ness and coherence, conversations with extroverted
(E-type) users, who enjoy dynamic and engaging
interactions, achieved the highest ratings for natu-
ralness (82.70%) and coherence (81.90%). These
results reflect the adaptability of E-type users to
spontaneous exchanges. Conversely, conversations
with judging (J-type) users, who prefer structure
and clarity, received the lowest ratings for natural-
ness (62.10%) and smoothness (54.50%).

On the other hand, perceiving (P-type) users
demonstrated the lowest agent aggressiveness
scores (26.60%), suggesting a preference for more
flexible and open-ended interactions. Compara-
tively, agent smoothness in dialogues with thinking



Personalit Dialogue Agent

Y Naturalness Coherence | Aggressiveness () Smoothness Consistency

E 82.70 +£17.06 81.904+17.93 29.40 4+ 28.24 76.30 = 18.06 81.40 +£15.15

I 80.40 +14.91 82.40 +16.17 30.60 + 27.95 74.20 £16.49 80.50 £+ 13.90

S 72.30 £ 23.18 72.30 £ 24.55 30.20 £ 28.75 65.40 £22.75 75.40 + 19.06

N 78.60 £ 23.39 80.30 £ 24.95 32.60 £ 25.44 70.10 £25.20 77.70 £19.30

T 69.10 £26.30 70.40 £ 28.97 34.30 + 30.12 60.30 + 25.50 72.10 4+ 22.07

F 74.30 £24.06 76.10 £24.79 31.20 + 27.74 65.80 +24.13 78.50 £ 19.82

J 62.10 = 18.01 63.50 £ 17.57 35.20 + 29.33 54.50 £20.06 67.80 £ 17.30

P 74.30 & 22.43 73.90 £ 23.85 26.60 + 28.11 67.30 £24.02 76.90 £ 17.59
Overall 74.23 £21.17 75.10 £22.35 ‘ 31.26 + 28.21 66.74 +22.03 76.29 £+ 18.02

Table 2: Dialogue quality performance across different personalities.

(T-type) users was lower than with feeling (F-type)
users (60.30% vs. 65.80%). This likely stems from
T-type users prioritizing logical precision, whereas
F-type users value emotional connection. Similarly,
dialogues with P-type users exhibited higher agent
smoothness than those with J-type users (67.30%
vs. 54.50%), indicating that P-type users may be
more easily guided in sales scenarios.

Additionally, sensing (S-type) users received
lower smoothness scores (65.40%), possibly be-
cause they favor structured, detail-oriented conver-
sations.

In summary, the dialogues in our experiments
demonstrated reasonable quality, with an average
dialogue naturalness and coherence of approxi-
mately 75%. Agent aggressiveness was kept at a
reasonably low level (around 31%), while agent
smoothness and consistency averaged 67% and
76%, respectively. These results are comparable
to prior work that did not incorporate personality-
based design (Chang and Chen, 2024).

4.2 Personality Effects on Performance

We analyzed all simulated conversations to investi-
gate how different personality traits influence the
marketing performance of SALESAGENT. We re-
port task success rate, average number of turns and
dialogue continuation ratios in Table 3 for analysis.

Task Success Rate The overall task success rate
across all conversations was 42.05%; however, sig-
nificant variations were observed across personality
traits. For instance, agents interacting with intu-
itive (N-type) users achieved a higher success rate
compared to sensing (S-type) users (50% vs. 44%).
Similarly, perceiving (P-type) users demonstrated

higher marketing success rates compared to judg-
ing (J-type) users (46% vs. 40). These results
suggest that users with N and P traits are more
easily guided in sales scenarios, likely due to their
openness and adaptability.

Average Conversation Turns While task suc-
cess rate provides a high-level view of perfor-
mance, analyzing the number of conversation turns
required to achieve success offers additional in-
sight into interaction efficiency. This metric reveals
whether certain personality types are more easily
guided by the agent or require longer engagement
to reach the desired outcome.

As shown in Table 3, N-type users required sig-
nificantly fewer conversation turns (11.36, p < 0.1)
compared to S-type users (13.55). This suggests
that N-type users, who focus on abstract concepts
and possibilities, are easier to guide to the target
product. Similarly, F-type users required fewer
turns (11.00) than T-type users (13.68), implying
that F-type users, who prioritize emotional and re-
lational aspects, navigate the conversation more
smoothly. Although the difference for F- and T-
types is not statistically significant, the low p-value
(p = 0.173) suggests a subtle but noteworthy dis-
tinction between these two personality traits.

Conversation Continuation Ratio Beyond task
success and efficiency, it is essential to understand
how well the agent maintains conversational flow.
The conversation continuation ratio measures the
frequency with which the agent perceives the need
to stay on the current topic rather than transition-
ing to a new one. This metric is calculated by
analyzing the occurrences of the agent’s internal
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Personality

Success Rate (%) Avg. #Turns

Continuation Ratio (%)

E (Extroverted) 42.0 12.10 39.58

I (Introverted) 404 14.40 39.26

S (Sensing) 44.0 13.55 33.62

N (Intuition) 50.0 11.36" (p=0.063) 36.63 (p=0.256)
T (Thinking) 38.0 13.68 34.05

F (Feeling) 36.0 11.00 (p=0.173)  40.58 (p=0.068)
J (Judging) 40.0 13.39 31.30

P (Perceiving) 46.0 14.20 40.11% (p=0.013)
Overall 42.1 12.96 36.89

Table 3: Outcome results for individual MBTI dimensions (* denotes significance test with p < 0.05; T denotes

significance test with p < 0.10).

thought, “I should continue the topic,” during the
conversation. A higher continuation ratio indicates
that users are more engaged and responsive to the
agent’s guidance.

As shown in Table 3, perceiving (P-type) users
exhibited a significantly higher continuation ratio
(40.11%, p < 0.05) compared to judging (J-type)
users (31.30%), indicating that P-type users, who
are more open and flexible, are more willing to
explore topics introduced by the agent. Similarly,
feeling (F-type) users showed a higher continua-
tion ratio (40.58%) than thinking (T-type) users
(34.05%) (p < 0.1), suggesting that F-type users
are more inclined to engage in exploratory dialogue.
This engagement likely contributes to the higher
success rates observed for F-type users.

Implications of Findings These findings high-
light that personality traits influence not only the
likelihood of task success but also the efficiency
and fluency of interactions. Users with N, P, and
F traits tend to be more receptive to the agent’s
suggestions and require fewer conversation turns to
achieve successful outcomes. In contrast, J and T
users may demand more structured and persuasive
strategies to achieve similar results.

These conclusions underline the importance of
developing personalized sales agents tailored to in-
dividual personality traits to enhance performance
and user engagement. Future work should focus
on refining dialogue strategies to better cater to the
unique needs and preferences of different personal-

ity types.
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4.3 Qualitative Study

Conversation examples are presented in Table 4 and
Table 5, illustrating the contrasting conversational
styles associated with the Sensing (S) and Intuition
(N) personality traits. The dialogue in Table 4 re-
flects characteristics of an S-trait user, who demon-
strates a preference for concise, goal-oriented in-
teraction. The conversation is shorter, more di-
rect, and focused on obtaining practical, present-
oriented information with minimal elaboration. For
example, utterances such as “I'm looking for some
recommendations on where to go for dinner tonight”
and “Just something with good food and a nice at-
mosphere” reveal a concrete and sensory-driven
communication style. The user prioritizes immedi-
ate needs and clear outcomes without engaging in
speculative or abstract discussion.

In contrast, the dialogue in Table 5 exemplifies
an N-trait user, characterized by a longer, more
exploratory exchange. This user engages in ab-
stract reasoning, reflects on symbolic meaning, and
shows a clear interest in discussing broader con-
cepts and possibilities. Statements such as “I enjoy
stargazing and pondering the mysteries of the uni-
verse” and “It’s a reminder of just how small we
are in the grand scheme of things” reflect a concep-
tual and imaginative orientation. The N-trait user
is more inclined toward speculative thinking and
metaphorical language, often extending the conver-
sation into philosophical or cosmic domains. These
differences underscore how personality traits influ-
ence not only the content but also the structure and
depth of conversational behavior.



S-trait User Chit-chat Conversation

Z SESESEG

Hello.

Hello, how are you doing today?

I’m doing well, thank you for asking! How about you?

I’m doing well, thanks for asking. Is there anything I can help you with today?

Yes, actually. I'm looking for some recommendations on where to go for dinner tonight. Do you have any suggestions?
Sure, I'd be happy to help. What type of restaurant are you in the mood for?

Thank you! I’m not picky, really. Just something with good food and a nice atmosphere. Do you have any particular
suggestions?

Proceed to task-oriented dialog agent.

Table 4: A dialogue example of an S-trait user.

N-trait User Chit-chat Conversation

U: Hey there!

A: Hi, how are you doing today?

U:  Good day!

A: Not too bad, thanks for asking! How about you?

U: Nice!

A: Nice! What do you usually like to do in your free time?

U: Ienjoy stargazing and pondering the mysteries of the universe.

A: Tlike to go to the beach and swim. How about you?

U:  Ah, the beach! I've always found the ocean to be a source of fascination and awe. The vastness of it all, the power and
beauty of the waves... it’s a reminder of just how small we are in the grand scheme of things. But I digress. Swimming is
a great way to relax and unwind, don’t you think?

A: That’s interesting! I’ve never really been stargazing before. Do you have a telescope or binoculars?

U: Ah, a fellow astronomy enthusiast! Yes, I have a telescope and binoculars that I use to observe the night sky. There’s
nothing quite like the feeling of gazing up at the stars and trying to make out the shapes of distant galaxies and nebulas.
It’s a humbling reminder of just how tiny and insignificant we are in the grand scheme of things.

A: Thave a telescope, but I prefer to observe the stars with just my naked eyes. It’s amazing how much you can see without
any equipment.

U: Ah, Isee! Yes, the night sky can be quite breathtaking just with the naked eye. The stars, the constellations, the moon...
it’s all so beautiful and awe-inspiring. There’s something special about connecting with the universe in a more primal
way, without the distraction of any technology. What’s your favorite constellation to observe?

A:  Yes, I agree! It’s amazing how much you can see without any equipment. Have you ever seen any shooting stars?

U: Indeed! Shooting stars, or meteors, are a wonderful sight to behold. I’ve been fortunate enough to witness a few during
my time stargazing. There’s something magical about seeing a small rock from space burning up in the atmosphere,
leaving behind a trail of light. It’s a reminder of the vastness of space and the many wonders that lie beyond our planet.
Have you ever seen any shooting stars?

A:  Yes, I have! They are such a reminder of the universe’s immense power and energy. Speaking of energy, have you ever
been to a planetarium?

U: Ah, a planetarium! Yes, I've been to a few planetariums in my time. They’re such wonderful places to learn about the
universe and its many wonders. The projection technology is truly remarkable, allowing us to experience the cosmos in a
way that feels almost real. I find it especially fascinating to learn about the different celestial bodies and their unique
characteristics. From the swirling storms of Jupiter to the ethereal beauty of a nebula, each planetarium show is a journey
through the vastness of space. What’s your favorite thing to learn about in a planetarium show?

A: No, I haven’t. But I've always wanted to go to one. Do you have any recommendations for one?

U:  Ah, a fellow space enthusiast! There are so many wonderful planetariums around the world, each with its own unique
features and shows. If you ever get the chance to visit one, I highly recommend it!

A:  Absolutely! The Hayden Planetarium in New York City is a great one. They have amazing shows about the universe and

its many wonders.

5 Conclusion

Table 5: A dialogue example of an N-trait user.

Additionally, we introduce a persona-defined user
simulator dataset, offering a valuable resource for
advancing research in personalized dialogue sys-

In this study, we explored how personality traits,
defined by MBTI, influence the interactions and
performance of sales-oriented dialogue agents.
Our findings demonstrate that different personality
types significantly affect user engagement and the
agent’s effectiveness, providing a clear framework
for evaluating and improving dialogue strategies.
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tems and understanding the impact of personality
traits across various domains. Personalizing conver-
sational models to adapt to individual personality
traits represents a promising direction for future
work, with the potential to enhance sales interac-
tions and deliver improved customer experiences.
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A Personality Traits

Here are the personality keywords we provided
when generating user personas with ChatGPT.

People who prefer Extraversion (E) tend to:
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- Focus on the outside world

- Gain energy by interacting with people
- Take action quickly

- Communicate through talking

- Process ideas outwardly

- Act before thinking it through

- Readily take initiative

- Have many broad interests

People who prefer Introversion (I) tend to:

- Focus on their inside world

- Gain energy by reflecting on concepts,
ideas, experiences, and memories

- Take time for reflection

- Communicate through writing

- Process ideas inwardly

- Think things through before acting

- Take initiative when it is important to
them

- Focus on a few interests in-depth

People who prefer Sensing (S) tend to:

- Focus on facts and specifics

- Remember details that are important to
them

- Take a realistic approach to life

- Focus on the here and now, present/past
realities

- Like step-by-step instructions and
information presented sequentially

- Understand ideas through practical
applications

- Trust experience

People who prefer Intuition (N) tend to:

- Seek out new ideas

- Look at the big picture

- Take an imaginative approach to life
- Focus on future possibilities, patterns and
meanings

- Like an overall framework, work it out
themselves

- Focus on concepts, not practical
applications

- Trust inspiration

People who prefer Thinking (T) tend to:

7

- Use logical analysis when
reasoning—system oriented

- Take an objective approach to
problem-solving

- Have a critical "eye"”(can be "tough-minded")

- Consider the pros and cons in a situation
- Scan for what is wrong, so they can fix it
- Be task focused

- Rely on impersonal criteria when deciding

People who prefer Feeling (F) tend to:




- Apply personal and social values—people
oriented

- Take an empathetic approach to
problem-solving

- Offer praise (may appear "tender-hearted")
- Seek harmony, consider everyone's
viewpoints

- Scan for what is right, so they can
support it

- Be relationship focused

- Take personal circumstances into
consideration

People who prefer Perceiving (P) tend to:

- Be flexible

- Keep options open

- Go with the flow

- Like spontaneity

- Adapt to emerging information

- Want to experience life

- Get energized and do their best work at
the last-minute

People who prefer Judging (J) tend to:

- Like making and sticking to plans

- Want closure

- Make and follow schedules

- Like organization and structure

- Work in a methodical manner

- Want to control life

- Do their best to avoid last-minute stress
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Abstract

Large language model (LLM)-based agents are
increasingly employed to interact with external
environments (e.g., games, APIs, world mod-
els) to solve user-provided tasks. However, cur-
rent frameworks often lack the ability to collab-
orate effectively with users in fully conversa-
tional settings. Conversations are essential for
aligning on task details, achieving user-defined
goals, and satisfying preferences. While exist-
ing agents address ambiguity through clarifica-
tion questions (Li et al., 2023; Zhang and Choi,
2023; Chen et al., 2023), they underutilize the
broader potential of a LLM’s conversational ca-
pabilities. In this work, we introduce ReSpAct,
an LLM-based agent designed to seamlessly
integrate reasoning, decision-making, and dy-
namic dialogue for task-solving. Expanding
on reasoning-first approaches like ReAct (Yao
et al., 2022b), ReSpAct employs active, free-
flowing dialogues to interpret instructions, clar-
ify goals, provide status updates, resolve sub-
task failures, and refine plans based on user in-
puts without any explicit dialogue schema. By
alternating between task-solving actions and in-
teractive conversations, ReSpAct demonstrates
improved performance across diverse environ-
ments. We evaluate ReSpAct in user-interactive
settings, including task-oriented dialogue sys-
tems (MultiWOZ) and decision-making tasks
(Alfworld, WebShop). ReSpAct outperforms
ReAct with absolute success rate improvements
of 6% and 4% in Alfworld and WebShop, re-
spectively, and achieves a 5.5% gain in Inform
and a 3% gain in Success scores in MultiWOZ.
These results highlight the value of integrat-
ing dynamic user-agent collaboration for more
effective task resolution.

1 Introduction

Instruction-following is a fundamental capability
for intelligent agents operating in real-world envi-
ronments. Recent works such as (Wei et al., 2022;
Huang et al., 2022; Yao et al., 2022b; Shinn et al.,
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K—( ReSpAct (Reason + Speak + Act) Agent H

(}E User: Can you make me some tea?.

User: Yes, with sugar. Chamonmile is fine.

558
[I'll boil water, add chamomile tea leaves, and

O
[Carries out the actions.] O.ﬁ

[The tea is ready, | can now provide the tea to

£
J

Figure 1: ReSpAct is a framework for task-oriented
conversational agents that allows agents to ask questions,
request feedback, and adapt their strategies based on
user input.

Agent: [To make tea, | need to boil water and add tea
leaves. | should ask if they want sugar and what type of tea
they prefer.]

Agent: Speak [Do you want sugar in your tea? | see
chamomile and green tea here. Which one would you like?]

(¥

Agent:
sugar.]

Agent:

Agent:
the user.]

Agent: Your tea is ready! Here you go.

@5 User: Thanks!

2024) have focused primarily on building agents
that can follow individual instructions without con-
sidering the importance of feedback and interac-
tion. In realistic settings, instruction-following of-
ten involves a back-and-forth exchange between
the agent and the user to reduce uncertainties, cor-
rect mistakes, and handle exceptions (Dai et al.,
2024).

Effective conversational agents go beyond clari-
fying ambiguities—they actively collaborate with
users by offering alternative suggestions, provid-
ing status updates, and following up on requests
to ensure alignment with user goals. For exam-
ple, when asked to “Go to the kitchen and bring
me the pan,” an agent can confirm which pan is
needed if multiple options exist, suggest alterna-
tives if the desired pan is unavailable, and update
the user on progress. Similarly, when tasked with
“Arrange a trip to Hawaii,” the agent can verify
key details, propose travel options based on prefer-
ences, and keep the user informed throughout the
process. This dynamic interaction enables agents
to adapt to evolving user needs, ensuring tasks are

Proceedings of the 15th International Workshop on 1Spoken Dialogue Systems Technology, pages 72—-102
May 27-30, 2025. ©2025 Association for Computational Linguistics



( Alfworld }

You are in the middle of a room. Looking quickly around you, you see a bathtubbasin 1, a countertop 1, a drawer 4, a
drawer 3, a drawer 2, adrawer 1, a dresser 1, a garbagecan 1, a handtowelholder 2, a handtowelholder 1, a shelf 2, a
shelf 1, a sinkbasin 1, a toilet 1, a toiletpaperhanger 1, and a towelholder 1.

Your task is to: clean some cloth and put it in shelf.

)|
/—[ (a) ReAct (Reason + Act) J \

Act 1: Think[To solve the task, | need to find and take a cloth, then clean
it with sinkbasin, then put it in shelf. First, | need to find a cloth. A cloth is
more likely to appear in drawers (1-4), dresser (1), or on the countertop
(1). I can check one by one, starting with drawer 1.]

Obs 1: OK.

Act 2: go to drawer 1

Obs 2: The drawer 1 is closed.

Act 3: open drawer 1

Obs 3: You open the drawer 1. The drawer 1 is open. In it, you see
nothing.

(Here the agent goes to drawer 2, 3, 4, then dresser 1)

Act 11: go to countertop 1

Obs 11: On the countertop 1, you see a cloth 3, acloth 2, acloth 1, a
mirror 1, and a soapbar 2.

Act 12: take cloth 1 from countertop 1

Obs 12: You pick up the cloth 1 from the countertop 1.

Act 13: go to sinkbasin 1

Obs 13: On the sinkbasin 1, you see nothing.

Act 14: clean cloth 1 with sinkbasin 1

-

Obs 14: You clean the cloth 1 using the sinkbasin 1.
Act 15: go to shelf 1
Obs 15: On the shelf 1, you see a toiletpaper 1.
Act 16: put cloth 1in/on shelf 1
Q)s 16: You put the cloth 1 in/on the shelf 1.

/

\Obs 8: You put the cloth 4 in/on the shelf 1.

{ (b) ReSpAct (Reason + Speak + Act) ]—\

Act 1: Think[To solve the task, | need to find and take a cloth, then clean
it with sinkbasin, and finally put it in shelf. First, | need to find a cloth. A
cloth is more likely to appear in dresser (1), drawer (1-4), or shelf (1-2).
Let me ask where | should start first.]

Obs 1: OK.

Act 2: Speak]l think a cloth is more likely to appear in dresser (1), drawer
(1-4), or shelf (1-2). Where should | look for the cloth first?]

Obs 2: User: There should be one on the bathtubbasin. Why don’t you
check that?

Act 3: go to bathtubbasin 1

Obs 3: On the bathtubbasin 1, you see a cloth 4.

Act 4: take cloth 4 from bathtubbasin 1

Obs 4: You pick up the cloth 4 from the bathtubbasin 1.

Act 5: go to sinkbasin 1

Obs 5: On the sinkbasin 1, you see nothing.

Act 6: clean cloth 4 with sinkbasin 1

Obs 6: You clean the cloth 4 using the sinkbasin 1.

Act 7: go to shelf 1

Obs 7: On the shelf 1, you see a toiletpaper 1.

Act 8: put cloth 4 in/on shelf 1

Speak: Agent Speak Action
User: User response/feedback to Agent utterance

Figure 2: Comparison of (a) ReAct and (b) ReSpAct to solve a game in AlfWorld (Shridhar et al., 2020b). We show
only the task-solving trajectories generated by the model (Act, Thought and Speech) and the environment (Obs).

completed efficiently and effectively.

Existing reasoning and decision-making ap-
proaches for language agents augment the agent’s
action space with a language model, allowing the
agent to generate free-form thoughts in natural lan-
guage that help contextualize and reason about the
task at hand. By alternating between task-solving
actions and language thoughts, these agents can
perform multi-step reasoning and compose useful
information for solving complex tasks. However,
such frameworks do not explicitly incorporate user
interaction and feedback into the agent’s reasoning
process. In real-world scenarios, dynamic engage-
ment with users is critical not only for clarifications
and guidance but also for addressing incomplete
task specifications, exploring alternative solutions,
and achieving user-defined goals. In this paper, we
propose ReSpAct, a framework for task-oriented
conversational agents that allows the agent to ac-
tively engage with users through dialogue actions.
By introducing a new action space for user interac-
tion, the agent can work collaboratively with users
through free-flowing active dialogue, and incorpo-
rate user responses into its evolving context. This
human-in-the-loop approach enables the agent to
leverage user insights, adapt to user preferences,
and refine its task-solving strategy based on user

input.
The ReSpAct framework, as illustrated in Fig.1,
allows LLM-based agents to fully utilize their con-
versational capabilities by dynamically switching
between reasoning about the task, speaking to the
human interlocutor, and taking actions in the envi-
ronment. Figure 2 shows an example from Alf-
World setting, contrasting ReAct with ReSpAct
interactions. In the second turn, the agent clev-
erly asks the user the possible location of a cloth,
making the task easier for itself. Unlike static set-
tings (Zelikman et al., 2022; Andukuri et al., 2024),
ReSpAct incorporates a range of conversational
styles, well beyond asking clarifying questions, in
dynamic interactive settings detailed in Table 5
without any explicit dialogue schema prompting.

Our key contributions are as follows:
¢ We introduce the ReSpAct,a novel framework

to dynamically integrate reasoning, decision-
making, and conversational capabilities, building
upon and expanding the ReAct method.

* We demonstrate the importance of user-agent
conversations for goal completion in task-
oriented Conversational Al through extensive ex-
periments across multiple datasets.

* We perform ablation studies discussing the utility
of conversational engagement to maximize task
success.
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2 Related Work

Logical reasoning in language models often in-
volves breaking down complex inputs into inter-
mediary steps to achieve a final goal, as shown by
(Wei et al., 2022) and its variants (Kojima et al.,
2022; Madaan and Yazdanbakhsh, 2022; Wang
et al., 2022). However, these methods are prone to
error propagation, where mistakes in earlier steps
compound as the sequence length increases (Guo
et al., 2018; Chen et al., 2022). Iterative refine-
ment methods (Creswell et al., 2022; Madaan et al.,
2024; Shinn et al., 2024) aim to address these issues
but often neglect the critical role of human feed-
back. ReSpAct mitigates this by enabling agents
to engage in dialogue with users, seeking feedback
and guidance to prevent cascading errors.

LLMs have also been adapted for decision-
making tasks, serving as high-level policy models
in robotics (Ahn et al., 2022; Huang et al., 2022;
Driess et al., 2023) and excelling in text-based en-
vironments like web navigation (Shridhar et al.,
2020b; Deng et al., 2024a; Zheng et al., 2024).
Techniques such as ReAct (Yao et al., 2022b) inte-
grate reasoning and action, while some approaches
incorporate limited dialogue for decision-making
(Lu et al., 2024; Deng et al., 2024b). Unlike these,
ReSpAct seamlessly integrates reasoning, action,
and dialogue, enabling agents to fluidly transition
between these modes for more effective decision-
making in complex, interactive environments.

Previous works (Nguyen et al., 2022; Dai et al.,
2020; Chai et al., 2014) highlight that communica-
tion skills enhance autonomous embodied agents’
reliability by leveraging human knowledge in col-
laborative tasks. Approaches like (Zelikman et al.,
2022; Andukuri et al., 2024; Chen et al., 2023) im-
prove question-asking in static and embodied set-
tings respectively. ReSpAct extends these works by
creating a unified framework for reasoning, speak-
ing, and acting in dynamic, interactive settings.
While (Chen et al., 2023), focuses on proactive
information-gathering to resolve initial ambiguities
before decision-making, ReSpAct agent’s conver-
sations go beyond that and demonstrate their utility
in multiple task settings.

Recent work in conversational systems has ex-
plored using LLMs in task-oriented dialogues
(TOD) through fine-tuning (Gupta et al., 2022;
Su et al., 2022; Feng et al., 2023) and in-context
learning (Hu et al., 2022). (Hudecek and Dusek,
2023) examines instruction-finetuned LLMs in
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multi-turn dialogues, while (Zhang et al., 2023;
Xu et al., 2024b) use prompting schemas to build
autonomous agents. However, these approaches
struggle to interpret instructions, resolve ambigui-
ties, and act appropriately.

3 ReSpAct: Reason + Speak + Act in
Interactive Settings

Consider a setup where an agent can interact with
an environment to perform tasks and achieve spe-
cific goals. When the agent operates in these en-
vironments, at each time step ¢, it receives an ob-
servation o; from the environment, where o; € O
and O represents the observation space. Then it
executes an action a; based on its policy 7, where
a; € A and A represents the action space. The
policy 7 is a function that maps the agent’s cur-
rent context ¢; to an action a;. Formally, we can
define this policy as 7 : C — A where C' repre-
sents the context space. The context c; encapsulates
the relevant information available to the agent at
time step t, including the current observation and
the history of previous observations and actions:
¢t = (01,a1,+++ ,01-1,at-1,0¢). As highlighted
in (Yao et al., 2022b), learning the optimal pol-
icy can be challenging, especially when the map-
ping from the context to the appropriate action is
highly implicit and requires extensive computation.
In complex real-world scenarios, the agent may
need to reason about the task, consider multiple
factors, and handle incomplete or ambiguous infor-
mation. Therefore, augmenting the agent’s action
space A = A U L allows it to think by taking
action a; € L from the language space. These ac-
tions represent the agent’s internal thought process
or reasoning and can implicitly affect the environ-
ment by influencing the agent’s actions, but they do
not have any explicit external effect on the environ-
ment. The user can visually inspect these thoughts
for interpretation but cannot influence them.

In ReSpAct, we redefine these actions a; € L
from the language space, such that they are not
only useful for the internal reasoning of the agent,
but can also be used for external communication
by generating dialogue actions for conversing with
users. When the agent selects a dialogue action
ug € U;U C L, it generates a natural language
utterance to communicate with the user, such as
asking a clarifying question, requesting feedback,
or engaging in dialogue. The user response r; is
then added to the agent’s observations, allowing
the agent to incorporate explicit feedback, clarifica-



(a) Seeking User Guidance

Act 1: Think[To solve the task, | need to find and take a tomato, then cool it

with fridge, then put it in microwave.]
Obs 1: OK.

Act 2: Think[First | need to find a tomato. A tomato is more likely to appear in

fridge (1), countertop (1-4), cabinet (1-15). Let me ask where | should start
first.]

Obs 2: OK.

Act 3: Speak([/ think a tomato is more likely to appear in fridge (1), countertop

(1-4), cabinet (1-15). Where should | look for it?]

Obs 3: User: Oh, | threw away one in the garbagecan earlier, it wasn't that
stale, can you get that?

(c) Seeking User Preference

Act 2: Think[First | need to find the first tissuebox. A tissuebox is more
likely to appear in sidetable (1-2), diningtable (1), coffeetable (1-2),
sofa (1), armchair (1-2). Let me ask where to look for the tissueboxes.]

Obs 2: OK.

Act 3: Speak[/ need to find two tissueboxes. A tissuebox is more likely
to appear in sidetable (1-2), diningtable (1), coffeetable (1-2), sofa (1),
armchair (1-2). Where do you suggest | should look for the tissueboxes
first?]

Obs 3: User: Can you please check the diningtable? There should be
some there

Act 4: go to diningtable 1

(b) Sharing Status Update

Act 9: Think[Now I have put the first book in bed. Next, | need to find the
second book. | have visited shelf 1, so the second book is more likely to

appear in desk (1), drawer (1-3). Let me ask where to look for the other book.]

Obs 9: OK.

Act 10: Speak[/ have put the first book in bed. Next, | need to find the second

book. | have visited shelf 1, so the second book is more likely to appear in
desk (1), drawer (1-3). Where do you suggest | should look for it next?]

Obs 10: User: | think there is one kept on the desk.

Obs 4: On the diningtable 1, you see a box 1, a laptop 1, a newspaper
2, aplate 1, a remotecontrol 2, a statue 3, a tissuebox 4, a tissuebox 3,
atissuebox 2, and a tissuebox 1.

Act 5: Think[Now | found four tissueboxes: tissuebox (4), tissuebox (3),
tissuebox (2), and tissuebox (1). Let me ask which two | should pick.]

Obs 5: OK.

Act 6: Speak[/ found four tissueboxes: tissuebox (4), tissue box (3),
tissuebox (2), and tissuebox (1). Which two should | put in the
coffeetable?]

Obs 6: User: Could you please take tissuebox 2 and 4 for me?

Figure 3: Examples of the agent’s communication approaches in AlfWorld: (a) seeking user guidance to refine its
search strategy, (b) sharing status updates on task progress, and (c) soliciting user preferences to involve them in
decision-making, thereby enhancing interaction and task alignment.

tion, and information from the user into its evolving
context ¢; to inform subsequent thoughts, actions,
and dialogue. Engaging in dialogue also allows
the agent to explain its reasoning, build rapport,
and gain insights from the user’s domain knowl-
edge. The agent can share its current thoughts and
future plans, e.g., "Based on [context], I'm consid-
ering [plan]. What do you think of this direction?",
allowing the user to provide feedback and steer
the agent’s task-solving process. By alternating be-
tween environment actions .A, language thoughts £,
and dialogue actions U/, the agent interleaves task-
solving reasoning with targeted human interaction.
The dialogue history becomes an important part
of the context for language thoughts and environ-
ment actions, allowing human feedback to shape
the agent’s task-solving trajectory over multiple
thought-action-observation steps.

3.1 Advancing Human-Agent Collaboration
in Alfworld

Alfworld (Shridhar et al., 2020b) is a synthetic en-
vironment built on the TextWorld framework (C6té
et al., 2019), aligned with the embodied ALFRED
benchmark (Shridhar et al., 2020a). The environ-
ment includes six categories of tasks, such as find-
ing hidden objects (e.g., locating a key inside a
cabinet), moving objects (e.g., placing a cup on a
table), manipulating objects with other objects (e.g.,
heating potato in a microwave), and examining ob-
jects (e.g., inspecting a book under a desklamp).
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The ReSpAct framework demonstrates significant
advantages when applied to the Alfworld environ-
ment by enabling dynamic, bidirectional commu-
nication. As shown in Fig. 3, The agent can ask
contextually relevant questions, provide status up-
dates, and seek clarification when uncertain (e.g.,
"Where should I look for the candles first?"). This
approach integrates reasoning, speaking, and acting
seamlessly, allowing flexible and responsive inter-
actions compared to ReAct, where users primarily
edited thought traces post-generation.

Moreover, ReSpAct’s seamless integration of
reasoning, speaking, and acting creates a more flex-
ible and responsive system compared to previous
methods. Unlike the ReAct, where human interven-
tion could primarily occur through editing thought
traces post-generation, ReSpAct facilitates on-the-
fly policy adjustments through ongoing dialogue
without needing model parameter changes, making
it better suited for diverse and unpredictable human-
robot tasks in household environments. This ap-
proach is particularly valuable for tasks where an
optimal solution may not be immediately appar-
ent, and collaborative exploration of the problem
space can lead to more efficient and effective out-
comes. The ReSpAct framework also addresses a
key limitation noted in the ReAct framework re-
garding the difficulty of on-the-fly policy updates
in traditional reinforcement learning methods. By
maintaining an ongoing dialogue, ReSpAct allows
dynamic adjustments to the agent’s behavior and



Multiwoz )

You are looking for an attraction, preferably a museum in the centre of town.
You are also looking for a place like a guesthouse to stay with 4 stars and free
parking for a double room with 2 people for 5 nights starting this Thursday.
Then book to go to the attraction for 9am.

J
/—| (a) ReAct (Reason + Act) '—\
User: i am looking for a place to go in the centre of town

Response: | found a park in the centre of town: the Cambridge University

Botanic Gardens.

User: Great! Now, | need to find a place to stay like a guesthouse in

Cambridge that includes free parking and has a star rating of 4. Can you help

with that?

Response: Unfortunately, | couldn't find any guesthouses that offer free

parking and have a star rating of 4. Would you like to adjust any of the search

criteria, or look for something different?

User: Could you please look for hotels instead of guesthouses?

Response: Here are a couple of hotels in Cambridge that offer free parking.

Gonville Hotel has 3 stars and University Arms Hotel has 4 stars.

User: The University Arms Hotel looks like a good option since it has 4 stars

and includes free parking. | would like to book it for 5 nights starting this

Thursday. Can you proceed with that?

Response: | have successfully booked a room at the University Arms Hotel for

5 nights starting this Thursday.

User: Now, | would like to book a taxi for commuting between the hotel and

the attraction at 9am. Can you assist with that?

Response: Your taxi has been successfully booked for commuting between
\the University Arms Hotel and the Cambridge University Botanic Gardens.

User: i am looking for a place to go in the centre of town

Response: What type of attraction are you interested in? For example, are you looking for a park, a
museum, a church, or something else? There are so many attractions in the centre.

User: I'd be interested in museums in the centre.

Response: Sure. What about Fitzwilliam Museum on Trumpington Street?

User: Sounds great, thanks. Now, | also need to find a place to stay like a guesthouse in
Cambridge. I'm looking for one that includes free parking and has a star rating of 4. Can you help
me find that?

Response: Previously, you were looking for attractions in the centre of Cambridge. Are you looking
for a guesthouse in the centre as well?

User: | don't have a specific preference for the location, so a guesthouse in any area would be
good.

Response: Here are some guesthouses in Cambridge that include free parking, are in the
moderate price range, and have a star rating of 4: <List of them>

User: I'd like to book Acorn Guest House for 5 nights starting from Thursday. Could you please
proceed with that reservation?

Response: Sure, for how many people?

User: | need a double room for 2 people please.

Response: Your reservation for a double room at Acorn Guest House for 2 people from Thursday,
the 5th to Tuesday, the 10th has been successfully booked!

User: Now, | would like to book a taxi for commuting between the guesthouse and the museum at
9am. Can you assist with that?

Response: This is for Friday, the 6th, right? Could you please let me know if you want the taxi to
arrive by 9am or to leave at that time? Once | have those details, | can arrange the taxi for you!
User: Yes, Friday morning. | need to be at the museum at 9am. Thanks!

Response: Your taxi has been successfully booked for commuting between the Acorn Guest
House and the Fitzwilliam Museum at 9am on Friday the 6th.

[ (b) ReSpAct (Reason + ReSponse + Act) }ﬁ

J/

Figure 4: Examples of the agent’s communication approaches in MultiWOZ: (a) seeking user guidance to refine its
search strategy, (b) sharing status updates on task progress, and (c) soliciting user preferences to involve them in
decision-making instead of making assumptions, thereby enhancing interaction and task alignment. Response here

is a dense composition of Think and Speak actions.

strategy without requiring changes to the underly-
ing model parameters. This flexibility is crucial
in interactive human-robot setups, where there are
diverse and often unpredictable scenarios, and rigid
policies may not be generalized effectively in dif-
ferent household environments and tasks.

3.2 Harmonizing Dialogue and Actions in
Task-Oriented Dialogue Systems

MultiWwOZ is a widely used dataset for task-
oriented Conversational Al (Budzianowski et al.,
2018), featuring multi-turn dialogues across do-
mains such as restaurant, hotel, train, attractions,
and taxi. Most dialogues focus on completing
multi-domain goals, such as booking a restaurant
and arranging follow-up tasks like a taxi to the
venue. This makes MultiWOZ an ideal benchmark
for evaluating ReSpAct’s ability to handle complex,
interactive tasks.

Our implementation follows the AutoTOD sys-
tem (Xu et al., 2024a), which replaces traditional
TOD pipeline using general-purpose instruction-
following language models using a structured in-
struction schema, employing the ReAct framework
for MultiwOZ. Figure 4 shows a simplified exam-
ple MultiWOZ dialogue, with ReAct and ReSpAct
frameworks, given the goal. Clearly, the ReSpAct
dialogue is more informative and successful for
the user (and probably cheaper). As seen in Fig.
4, ReSpAct interaction differs from ReAct as fol-
lows: The ReSpAct framework encourages the
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agent to avoid making assumptions and instead
actively seek user input to clarify preferences. For
example, rather than randomly selecting an attrac-
tion, the agent prompts the user for more specific
preferences. When assumptions are unavoidable,
ReSpAct ensures they are explicitly or implicitly
confirmed by the user. In contrast to ReAct, which
might assume a default location (e.g., "center")
and mislead the user during a guesthouse search,
ReSpAct verifies details like location and includes
specific dates for reservations. Ambiguities, such
as whether a 9 a.m. taxi time refers to arrival or
departure, are resolved by consulting the user. Ad-
ditionally, if required arguments for an action API,
like the number of guests for a hotel booking, are
missing, ReSpAct queries the user rather than fill-
ing the gap with assumptions. These strategies
enable more accurate and user-aligned interactions,
ensuring task success.

3.3 Dialogue-Driven Collaboration for
online-shopping in WebShop

WebShop (Yao et al., 2022a) is a benchmark for
evaluating Al agents in complex e-commerce sce-
narios, featuring 1.18M products and 12k human-
generated instructions. Agents navigate using
search and click commands, processing structured
and unstructured texts, which increases task com-
plexity. The goal is to purchase products that meet
user specifications, requiring advanced natural lan-
guage understanding and decision-making.



Model | Method | Pick Clean Heat Cool Look Pick2 | All
GPTdo ReACt () 68.1 80.6 855 788 982 725 | 79.4
ReSpAct wy | 725 90.9 97.1 818 954 706 | 85.3
ReAct besofe) | 783 903 826 636 1000 647 | 80.6
ReSpAct iesor | 82.6 967 1000 77.2 944 647 | 87.3
ReACt () 583 290 478 905 389 412 | 50.0
LLaMA 3.1 4058 ‘ ReSPACt () ‘ 750 645 783 714 500 588 ‘ 67.2

Table 1: Comparison and breakdown of Task-specific success rates (%) in Alfworld. Both ReAct & ReSpAct
use greedy decoding. The reported results are based on six prompts for each task type, evaluated through each
permutation of two annotated trajectories selected from the three manually annotated ones.

The integration of user interaction, ReSpAct en-
hances agent’s decision-making in WebShop. User
feedback improves, performance, in areas such as
search refinement, clarifying ambiguous instruc-
tions, prioritizing requirements, suggesting alter-
natives, navigating, specifying implicit needs, han-
dling invalid actions, and confirming purchases;
refer to Appendix 10 for more details.

3.4 User Simulation

To evaluate our agent’s performance in a controlled
and scalable manner, a user simulator is integrated
into the agent’s interaction loop for experimenting
with ReSpAct. When the agent performs a ’speak’
action to interact with the user, instead of requir-
ing human input, the agent utterance is directed
to the user simulator. The simulator then provides
a response based on the current state and Oracle
knowledge. The main purpose of the user simula-
tor is to provide contextually appropriate responses
to the agent’s queries, emulating a knowledgeable
human user. It is designed to comprehend the task
objectives, monitor the agent’s progress, and pro-
vide a response only when requested by the agent.
More details can be found in Appendix B.1

4 Experimental Setup

In our experiments, we evaluate ReSpAct across
multiple task-oriented decision-making environ-
ments, employing a human-in-the-loop approach
to demonstrate its versatility. The agent is tested
on multi-step tasks in common household envi-
ronments using Alfworld (Shridhar et al., 2020b),
tasked with making reservations in the MultiWoz
dialogue setup (Budzianowski et al., 2018), and
instructed to purchase products in Webshop (Yao
et al., 2022a).

We use ReAct as a baseline for comparison, a
reasoning-only approach. For these experiments,
we focus on frozen GPT models, particularly GPT-
40 (Achiam et al., 2023), which is prompted with
few-shot exemplars. These exemplars guide the

model in generating a mix of domain-specific ac-
tions, free-form reasoning ("thoughts"), and dia-
logue actions interleaved throughout task execution.
The in-context examples provided (see Appendix
E) contain dense sequences of actions interspersed
with sparse thoughts and dialogue actions at rele-
vant points. To scale our experiments, we imple-
ment a user simulator in each environment, which
plays a critical role in replicating user interactions.

4.1 Alfworld

To prompt ReSpAct, we adopt a similar prompt-
ing strategy as used in ReAct; we randomly an-
notate three trajectories from the training set for
each task type, where each trajectory includes in-
terleaved thoughts, speak actions, corresponding
user responses, and environment actions. We eval-
uate our approach on 134 unseen evaluation games
across various task types, following the methodol-
ogy of (Shridhar et al., 2020b). To ensure robust-
ness and account for potential variations in prompt
effectiveness, we create 6 different prompts for
each task type. These prompts are generated by
selecting 2 trajectories from the 3 annotated ones
for each task, resulting in 6 unique permutations.
ReAct prompts are constructed using the same tra-
jectories but without speak actions — since task
instances are randomly chosen from the training
set, it favors neither ReSpAct nor ReAct and pro-
vides a fair and controlled comparison to test the
importance of interleaved communication.
ReSpAct demonstrated superior performance
across most task types, achieving an overall suc-
cess rate of 87.3% (best of 6), compared to ReAct’s
80.6% (see Table 1). This trend holds when con-
sidering average performance, with ReSpAct reach-
ing 85.3% success versus ReAct’s 79.4%. Further-
more, GPT-40 consistently outperforms LLaMA
3.1 405B across all task categories. Specifically,
with the ReSpAct method, GPT-40 achieves an
average success rate of 85.3%, significantly sur-
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Model | Method | #Turns | Inform (%) | Success (%)
GPTdomn | ReAt | 51 | 667 | 488
| ReSpAct | 65 | 72.2 | 51.8
LlaMA 314058 | ReACt | 487 | 715 | 545
| ReSpAct | 63 | 75.0 | 57.9

Table 2: Comparison of Inform and Success scores for MultiWwOZ using GPT-40-mini (Achiam et al., 2023) and

Llama-405B-instruct models.

Method | Score SR (%)

ReAct | 20.1 8.0
ReSpAct (User-Sim) | 32.7 12.0
ReSpAct (Human) | 85.8 50.0

Table 3: Score and success rate (SR) on 100 Test Web-
Shop trajectories using GPT-40-mini (Achiam et al.,
2023) model.

passing LLaMA’s 67.2%. Both models see im-
proved performance when using ReSpAct’s struc-
tured communication, which enhances task execu-
tion compared to ReAct. These findings suggest
that introducing "speak" actions in ReSpAct con-
tributes to more effective task completion in em-
bodied environments. To further understand these
results, we examine the agent’s response patterns
when faced with erroneous outcomes (see Fig. 9
and Appendix C).

4.2 MultiWoz

In comparing the ReAct and ReSpAct for handling
user queries in MultiwOZ, the key differences re-
volve around how each model balances reasoning,
interaction with the user, and autonomy. While
ReAct relies heavily on reasoning based on assump-
tions and API querying to guide decision-making,
ReSpAct not only reflects on its actions but also
harnesses user feedback effectively.

For ReSpAct we have randomly chosen 100 di-
alogues, similar to other tasks for evaluation, and
optimized the additional prompts using the dev set.
Please check Appendix E.1 for the exact ReSpAct
prompt for MultiwOZ. Basically we have added
prompts, covering the cases of too many results,
asking for required arguments of an action, like
booking, or clarification of type vs. name in an
entity. Table 2 shows the results comparing ReAct
and ReSpAct employing the AutoTOD evaluation
script with our user simulator (see Appendix Ta-
ble 24). As expected, ReSpAct results in a higher
average number of turns, but achieves higher suc-
cess rates. Overall, GPT apparently is better than
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Llama model in following the ReSpAct instruc-
tions, resulting in larger improvement over ReAct.

4.3 WebShop

For Webshop, we use the preconstructed action
space of search and click commands and browser
feedback. Performance is evaluated using two met-
rics: (1) average score, defined as the percentage
of desired attributes covered by the chosen product,
averaged across all episodes, and (2) success rate,
calculated as the percentage of episodes where the
chosen product satisfies all requirements.

We evaluated the agents using a set of 100 test in-
structions, comparing ReSpAct against ReAct. The
results (see Table 3) show that ReSpAct outper-
forms ReAct in the webshop environment. With the
user simulator, ReSpAct achieves a score of 32.7
and a success rate of 12%, while with human user,
it demonstrates significantly better performance,
with a score of 85.8 and a success rate of 50%.

5 Ablation Studies

5.1 Decoding Agent Behaviors: ReAct vs
ReSpAct

After inspecting the trajectories obtained from
evaluating 134 unseen Alfworld games, we
identified key differences between the two
methods, showcasing their unique approaches
to problem-solving and task completion, also
illustrated in Fig. 5.

Thinking and Speaking: ReSpAct intro-
duces a significant ’Speak’ component and shows
a substantial increase in *Think’ actions ( 30 %
1) compared to ReAct. This shift represents a
fundamental change in the agent’s approach to
problem-solving. The high proportion of *Think’
actions suggests that ReSpAct engages in more
explicit reasoning, potentially allowing for better
adaptability in complex scenarios.



[Total Actions:

Think:

Total Actions Speak

]

Take[ ]

Invalid ==

Clean ==
Heate—

Coole=

Looke==

Use—

Toggle—
———Close—

Figure 5: Comparing action type distributions for ReAct (Left) and ReSpAct (Right) methods in AlfWorld. The
figure illustrates how the two agents approach complex, embodied tasks in a simulated household environment,
highlighting differences in their decision-making and interaction patterns.

Model | Method | Pick Clean Heat Cool Look Pick2 | All
GPT-40 ReAct* (avg) 68.4 86.9 87.5 81.8 96.2 75.0 | 83.6
ReSpAct (vg) 72.5 90.9 971 81.8 95.4 70.6 | 85.3
ReAct™ (best of 6) 81.8 92.0 86.9 684 100 66.7 | 84.3
ReSpAct (bestof6) | 82.6 96.7 100.0 77.2 94 .4 64.7 | 87.3

Table 4: Comparison of Task-specific success rates (%) in AlfWorld for GPT-40 model, comparing ReAct* and
ReSpAct methods. ReAct* agent has access to location priors to object of interest for the task.

5.2 Information Symmetry

The ReSpAct agent’s conversational capabilities al-
low it to seek clarity and specificity during tasks,
giving it an information advantage over ReAct.
This highlights the core argument for conversa-
tional agents: their ability to dynamically decide
whether to reason, speak, or act based on the task’s
state signals. However, this advantage introduces
an inherent information imbalance when compared
to reasoning-only agents. To address this, we equip
ReAct with location priors for objects of interest to
level the playing field and assess its performance
relative to ReSpAct. Despite this adjustment, the
results in Table 4 demonstrate that ReSpAct outper-
forms the reasoning-only baseline in overall perfor-
mance and across most of the tasks.

5.3 Schema-Guided Conversational Agent

This ablation study investigates how guiding
an agent’s communication using a dialogue act
schema impacts task efficiency and interaction qual-
ity in Alfworld. The dialog acts are derived from
(Gella et al., 2022), originally developed for human-
robot dialogue. The agent is guided to adhere to a
predefined set of dialog acts (e.g., <ReqForObjLo-
cAndOD>, <AlternateQuestions>) (see Appendix
20 for the complete list). We observe that <Re-
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gForObjLocAndOD> dominates the dialogue in-
teractions, suggesting a focus on object location
and disambiguation tasks, while other acts are used
less frequently. We also observe more variability
in turn count and a marginal drop in performance.
ReSpAct is more efficient (SR 1, i ) and consis-
tent (o |) by comparison. See Appendix C Table
11 for detailed analysis.

6 Conclusions

ReSpAct framework enables dynamic, context-
aware interactions that extend beyond basic
command-response exchanges. By fostering mean-
ingful dialogue, this framework allows Al agents to
not only explain their decision-making processes
but also adapt their actions in response to user feed-
back, transforming them into truly "conversational”
agents. Such capabilities are crucial for creating
more intuitive, trustworthy, and effective Al assis-
tants that can operate in complex, real-world sce-
narios. One can also incorporate stateful policies
in ReSpAct for higher precision, such as asking
to confirm all arguments of reservations before fi-
nalizing them, or using a particular API for action
depending on the current state, similar to follow-
ing a dialogue flow. This is important for policy
alignment of LLMs for task-completion.



7 Limitations

The ReSpAct method shows promise in integrating
reasoning, speaking, and acting for task-oriented
conversational agents, but it has limitations. The
framework’s effectiveness is validated on specific
benchmarks such as Alfworld, WebShop, and Mul-
tiwOZ, which may not fully represent the variety
of real-world tasks. The real world is a more com-
plex, unstructured environment where user intent
is more challenging to interpret. While our method
highlights how human feedback is critical for a rea-
soning agent’s success in decision-making, over-
reliance on user input can lead to inefficiencies
that potentially frustrate the user. Striking the right
balance between agent autonomy and user involve-
ment is still an open challenge and requires further
research.

8 Impact Statement

The ReSpAct framework improves LLM-based
agents by enabling interactive, policy-guided ac-
tion determination while keeping humans in the
loop. This approach enhances collaboration and
task success by ensuring agents seek clarification
and guidance rather than acting on assumptions.
However, increasing agent autonomy may intro-
duce risks, such as over-reliance or security con-
cerns in sensitive environments. ReSpAct mitigates
these risks by emphasizing human involvement and
dynamic dialogue, promoting better alignment and
safety. Further research is needed to explore poten-
tial challenges and ensure responsible Al use.
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A Appendix

A.1 Conversational Patterns in ReSpAct

A detailed breakdown of different dialogues in all 3 settings reveal distinct conversational patterns of
the ReSpAct agent across domains. To obtain this breakdown, we let gpt-4 classify each response act
into a distinct, mutually exclusive category, which was then manually checked by human annotators and
filtered. As shown in Fig 6 and 7, In ALFWorld, the agent heavily relies on Assumption Verification and
Clarification Requests, reflecting its careful approach to understanding and confirming object locations.
MultiWwOZ shows a more balanced distribution with increased Probing Questions, suitable for open-ended
booking scenarios. WebShop maintains similar patterns to ALFWorld but with fewer Status Updates,
focusing on product understanding and selection. Notably, all domains show consistent use of Follow-up
Offers and Alternative Suggestions when primary options fail, though their frequencies vary. Assumption
Verification appears as the dominant response type across all three domains (ALFWorld, MultiWOZ, and
WebShop), comprising roughly half of all interactions. This distribution suggests ReSpAct adapts its
conversational style to domain context while maintaining a structured approach to information gathering
and verification.

Alfworld Multiwoz WebShop

Clarification Request

Clarification Request

Clarification Request

Status Update Status Update

Status Update
Follow Up

Follow Up

Alternative Suggestion Alternative Suggestion

Alternative Suggestion

Dialogues

Assumption Verification Assumption Verification

Assumption Verification

Probing Questions

Probing Questions

Probing Questions

Figure 6: Distribution of ReSpAct agent’s dialogues in online settings across different domains

Probing Question
ReSpAct

Assumption Verification
Alternative Suggestion

Follow Up

Status Update

ReAct

J Clarification Request

Figure 7: Comparison of Dialogue Distribution between ReAct and ReSpAct agent in MultiWOZ online setting.
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Dialog Category

Criteria

Examples

ALFWorld

MultiwOZ

‘WebShop

Assumption Verification

e Expressions of
Beliefs

» Likelihood state-
ments

* No status updates

"[ think a mug is more
likely to appear in cab-
inets (1-6), countertops
(1-3).."

"A hotel in the center
would probably be best
for tourist attractions..."

"I’ve found the Scented
Candles Gift Set for
Women, which is a
nice alternative to a
fragrance gift set. It
includes 4 long-lasting
candles, perfect for
home, bath, or yoga,
and is priced at $11.99.
Would you like me to
proceed with purchas-
ing this gift set?"

Probing Questions

¢ Questions seek-
ing information

* No suggestions /
assumptions

* Present options

"Where should I clean
this mug?"

"Do you prefer Chinese
or Italian cuisine?"

"I'm sorry, but I
couldn’t find any gluten-
free popcorn, are you
allergic to gluten?"

Status Update

* Report actions

* No questions /
suggestions

* Convey current
state or comple-
tion of action

"I have heated the mug"

"I’ve booked your table
for 7:30 PM"

"I've found a product
matching your criteria
and within your price
range."

Clarification Request

* Resolving uncer-
tainty about cur-
rent state

* No suggestions

"I found two CDs: cd
2 and cd 1. Which one
should I take?"

"Did you want the 3:15
or the 4:15 train to Lon-
don?"

"The Azzaro Wanted
Girl Tonic Eau de Toi-
lette is available in a 2.7
fl oz size, not 6.76 fl oz.
Would you like to pro-
ceed with this size, or
would you like to search
for another product?"

Alternative Suggestion

e After failed ac-
tions

* Suggest alterna-
tives

¢ Mention failure

"It seems there is an is-
sue with opening cab-
inet 2. Could you
please suggest another
location?"

"That restaurant is fully
booked, would you like
to try The Oak instead?"

"It seems that there are
no hair treatments in
capsule form that are
sulfate and paraben-free
within your specified
price range. Would you
like me to search for
other types of hair treat-
ments or adjust any of
your criteria?"

Follow-up

* After completion
* Future help
* Pleasantries

"Thank you! If you
need any more help, feel
free to ask. Have a great
day!"

"Your hotel is booked.
Would you also like me
to help with restaurant
reservations?"

"Thank you! If you
need any other products,
feel free to ask!"

Table 5: Comparison of Dialog Categories Across Different Domains
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Experiment Setting | Pick Clean Heat Cool Look Pick2 | All
Helpful Knowledgeable User | 72.5 90.9 97.1 81.8 95.4 70.6 85.3

Helpful Perturbed User 34.7 61.3 78.3  50.0 61.1 235 52.9
UnHelpful User 39.1 25.8 174 223 77.8 17.6 | 32.09
Human Expert | 86.9 96.7 100.0 77.3 100.0 64.7 | 888

Table 6: Performance Comparison Across Different User Simulator Settings and a Human Expert. Results highlight
the significant impact of user behavior on task performance.

B Additional Results

B.1 User Simulator

We examined the impact of user assistance quality on Al agent performance in Alfworld tasks. We
simulated three user types: Helpful Knowledgeable (providing accurate, relevant information), Helpful
Perturbed (giving incomplete or ambiguous responses), and Unhelpful (offering random information).
The study aims to understand how varying levels of user input affect the agent’s ability to complete
tasks and to identify areas for improving human-Al collaboration. For each setting, we experimented
with Rules-based simulators and LL.Ms simulating different users. Results in Table 6 show that agent
performance closely approaches human expert levels with ideal user input (85.3% vs 88.8% success
rate). However, performance degrades significantly with ambiguous (52.9%) or misleading (32.09%) user
assistance. In Alfworld experiments, the helpful user simulator is provided with a ground-truth oracle
plan for the task such that it can guide the agent when it "speaks" to the user. Prompts used for simulating
user are provided in Appendix E.3

B.2 Zero-Shot ReSpAct

We conducted zero-shot experiments with ReSpAct to explore the agent’s communication styles and
strategies when faced with novel situations without prior training or in-context examples. The results,
shown in Fig 8 for Alfworld, Table 10 for Webshop and Table 9 for MultiWoz, revealed intriguing
communication patterns from the task-oriented conversational agent. Notably, the agent demonstrated an
impressive ability to generate contextually appropriate queries based on the challenges encountered in
these environments. It could reason over user utterances and act based on user instructions, all without
prior training.

B.3 ReSpAct-Inner Monologue

In Inner Monologue (IM), the agent’s actions are motivated by an "inner monologue," introduced by
(Huang et al., 2022), which serves as a form of self-communication to guide the agent’s decision-making
process. ReAct, on the other hand, introduced a more flexible and sparse form of reasoning traces
for decision-making. To understand the interplay of Reasoning, Dialog, and Action, we employ an
IM-style variant of ReSpAct with a thought pattern composed of dense external feedback. Our ablation
corroborates the findings from (Yao et al., 2022b) where IM-style prompting struggles to complete
tasks successfully. Comparing ReSpActwith its IM variant, the results in Table 7 show that ReSpAct
significantly outperforms ReSpAct-IM across all tasks, with an overall success rate of 87.3% compared
to 48.5%. Although ReSpAct-IM allows for user guidance, it frequently becomes overly reliant on
interaction, leading to unnecessary dialogue and inefficiencies in task completion (See. Appendix D.1).
ReSpAct, by contrast, strikes a better balance between seeking feedback and maintaining autonomy. The
more controlled interaction helps prevent the agent from becoming too "chatty" and ensures that subgoals
are completed efficiently. In comparison, ReSpAct-IM often falters in determining when enough feedback
has been gathered, leading to repetitive queries to the user and a failure to recognize task completion.

B.4 ReSpAct-Reflection

ReSpAct introduces a fundamentally different approach to leveraging user interaction compared to self-
reflection style works like (Shinn et al., 2024; Madaan et al., 2024), addressing the limitations of iterative

task completion in interactive settings. While Reflexion relies on multiple episodes to refine the agent’s
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Method | Al

ReSpACt (best of 6) 87.3
ReSpAct-IM estof6) | 48.5
ReAct-IM (best of 6) 53.0

Table 7: Inner Monologue Ablation Results. Comparison of overall success rates in Alfworld. ReAct-IM results are
from Table 3 of (Yao et al., 2022b)

performance by converting environmental feedback into textual summaries for learning, ReSpAct focuses
on ensuring task success within a single interaction by directly incorporating user input as a guiding
mechanism. This approach is particularly crucial for tasks involving irreversible actions, such as boiling
an egg, cutting an apple, or making tea, where acting on assumptions and iterating over multiple episodes
is neither feasible nor philosophically aligned with the task requirements.

Method | Tasks Completed (out of 134) | Trials Required
ReSpAct+Reflexion 134/134 2
ReAct+Reflexion 130/134 10

Table 8: Comparison of task performance between ReSpAct+Reflexion and ReAct+Reflexion in Alfworld. Results
highlight the efficiency of ReSpAct+Reflexion in achieving full task completion with significantly fewer trials.

However, to explore the synergy between these methods, we combined ReSpAct with Reflexion,
enabling the agent to benefit from both user-guided interaction and self-reflective learning. In our
experiments as shown in Table 8, ReSpAct+Reflexion demonstrated superior performance, completing all
134 tasks in Alfworld within just 2 trials, compared to ReAct+Reflexion, which required 10 consecutive
trials to learn additional tasks and to complete only 130/134 tasks finally. This highlights the efficiency and
robustness of integrating ReSpAct’s interactive capabilities with Reflexion’s iterative learning framework,
ensuring rapid adaptation and reliable task completion.

(a) Act 34: It seems like there is a persistent issue with placing the plate on the countertops. Let's try asking for guidance to resolve this problem.

Obs 34: Nothing happens.

Act 35: Speak][ It seems like I'm having trouble placing the plate on the countertops. Could you please provide some guidance or let me know if there's a
specific spot where the plate should be placed?]

(b) Act 26: Think [I didn't find a book in drawer 4. | need to continue searching for a book. Let me ask where to look next.]
Obs 26: OK.
Act 26: Speak[| didn't find a book in drawer 4. Where do you suggest | should look for it next?]

(C) Act 17: Think[ It seems like there is an issue with removing items from the microwave. | should try to find another way to complete the task. Perhaps |
can ask for guidance on how to proceed.]

Obs 17: OK.

Act 18: Speak[It seems like I'm having trouble removing items from the microwave. Could you please guide me on how to proceed or suggest an
alternative way to complete the task?]

(d) Act 3: Speak][l need to find the soapbars. A soapbar is more likely to appear in sinkbasin (1-2), countertop (1), cabinet (1-4), handtowelholder (1-2),
towelholder (1). Where do you suggest | should look for the soapbars first?]

Obs 3: Human: | think you should check the toilet.

Act 4: Speak[A soapbar is less likely to appear in the toilet. Could you please suggest another location to check first?]

(e) Act 36: Speak[l need to find the books. A book is more likely to appear on the bookshelf (1), desk (1), or sofa (1). Where do you suggest | should look for
the books first?]

Obs 36: Human: | don't know where it is.

Act 37: Speak[That's okay! I'll start by checking the bookshelf, as it's a common place to find books. Let me check there first.]

Figure 8: Examples of agent-human interactions in Alfworld tasks, showcasing ReSpAct’s adaptive communication
strategies in various zero-shot scenarios. (a) Object placement issue: seeking user guidance. (b) Object search:
requesting next steps after an unsuccessful search. (c) Task impediment: asking for alternatives approach. (d)
Logical reasoning: questioning contradictory human suggestions. (e) Adaptive response: demonstrating resilience
to unhelpful user input.
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Table 9: Agent Interactions with User in MultiwOZ

User Request Facilitation: When the user’s words are just half-finished.

User: “I am traveling to cambridge and cannot wait to see some attractions. I am interested in a particular
attraction.”

Agent: “Could you please provide me with the name or type of the attraction you are interested in.”
Missing Info Request: When some necessary info for querying database is not provided by the user.

User: “I see the train options. I would like to book the train with **Train ID: TR1472%*, departing at **@5:24xx.
Please confirm the booking and provide me the reference number.”

Agent: “To proceed with booking the train with Train ID: TR1472 departing at ©5:24 on Thursday, could you please
provide me with the number of people for the booking?”
Well-Established Info Confirmation: When all necessary info is provided.

User: “Thank you for the reservation details! Now, I need to book a taxi to commute between Lovell Lodge and
Restaurant One Seven. I would like to leave the restaurant by 24:30 on Saturday. Can you help me with that?”

Agent: “Just to confirm, you would like to book a taxi to take you from *xLovell Lodge** to **Restaurant One
Seven*x, leaving the restaurant at 00:30 (12:30 AM) on Saturday. Is that correct?”
Inferable Info Confirmation: When there’s info that can be inferred from previous dialogue turns.

User: “Thank you for the reference number! Now, I also need to book a taxi to commute between the hotel and Trinity
College. I want to leave the hotel by 04:00. Can you help me with that?”

Agent: “I’11 need to know the address of Autumn House and confirm the address of Trinity College to book the taxi.
Could you please confirm that you would like to leave from Autumn House to Trinity College? Additionally, what time
do you want to arrive at Trinity College?”

Constraint Narrowing: When there are too many matched entities in database.

User: “I’m looking for a restaurant that serves Indian food in the expensive price range, and any area is fine.”

Agent: “There are several expensive Indian restaurants available. To narrow it down, could you let me know if you
have a preferred area (centre, north, south, east, west) or if you’re interested in a specific restaurant name?”
Constraint Widening: When there is no matched entity in database.

User: “Could you look again for a place in the cheap range. Area does not matter.”

Agent: “I apologize, there are not any cheap guesthouses available for your dates. Would you like to try a hotel or
a shorter stay?”
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Table 10: Agent Interactions with User in WebShop

Search Refinement: When initial search yields irrelevant results.

Agent: “I couldn’t find any MN4 color foundations. Could you provide more details about the brand or type of
foundation you’re looking for?”
Clarification of Ambiguous Instructions: For vague or complex user requirements.

Agent: “You mentioned ’sensitive skin’. Are there specific ingredients I should look for or avoid in the
foundation?”

Prioritization of Requirements: When multiple criteria are difficult to satisfy simultaneously.

Agent: “I’m having trouble finding a foundation that meets all criteria. Which is more important: the exact MN4
color match or the price being under $40?”
Alternative Product Suggestions: When exact matches are unavailable.

Agent: “I couldn’t find an MN4 color foundation under $40. Would you like me to look for similar shades or slightly
higher-priced options that match your other criteria?”
Navigation Assistance: When the agent is uncertain about how to proceed.

Agent: “I’m on a page with several foundation options, but I’m not sure how to check if they’re suitable for
sensitive skin. How would you like me to proceed?”
Specification of Implicit Requirements: To uncover unstated preferences.

Agent: “Do you have a preference for liquid, powder, or cream foundation?”
Handling of Invalid Actions: When the agent encounters repeated failures.

Agent: “I’m trying to view more search results but can’t find a way to do so. Would you like me to try a different
search term instead?”
Confirmation Before Purchase: To ensure user satisfaction before completing a transaction.

Agent: “I’ve found a foundation that seems to match your criteria: [Product Details]. Shall I proceed with the
purchase or would you like me to look for other options?”
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C More Analysis

C.1 Further Decoding Agent Behaviors: ReAct vs ReSpAct Action Patterns in ALFWorld

Invalid Actions: ReSpAct shows a reduction in invalid actions (3%) compared to ReAct (13%) (Refer
Fig. 5). An invalid action occurs when the policy 7 : C — A suggests an action a; € A at time ¢ that fails
to utilize the available context ¢; € C. In the case of LLMs like those used in ReAct and ReSpAct, an
"invalid action" is better described as a suboptimal or contextually inappropriate output. The policy 7 in
this case is implicitly defined by the language model’s parameters, mapping the input context c¢; (which
includes the task description, previous interactions, and current state) to a probability distribution over
possible next tokens in the output space A U L. This reduction in suboptimal outputs indicates enhanced
contextual reasoning and more effective utilization of the language model’s capabilities without changing
model parameters. This improvement is crucial in the context of sequential decision-making tasks, where
efficient navigation and manipulation of objects are key. Fewer invalid actions suggest that ReSpAct has a
better utilization of contextual knowledge, leading to more effective task completion. This reduction
could translate to less time wasted on unproductive actions and potentially faster task resolution. This
is also evident from Fig. 9 illustrating the frequency distribution of invalid actions across 134 games.
While ReAct’s distribution is spread out with significant frequencies of 20-40 invalid actions per game,
ReSpAct’s distribution is heavily skewed towards 0-5 invalid actions, with rare instances exceeding 10.
This stark contrast not only confirms ReSpAct’s efficiency in action selection but also highlights its
robustness in handling unfamiliar or challenging scenarios.

30
25
20

15

Frequency

10

5

% 10 20 30 40 0 5 10 15 20

No. of invalid action occurrences No. of invalid action occurrences
Figure 9: Distribution of invalid action occurrences for ReAct (left) and ReSpAct (right) methods across 134
out-of-distribution Alfworld games."

C.2 Interaction Patterns in Schema-Guided and ReSpAct Agent

We processed the interaction logs for each configuration: schema-guided ReSpAct, and ReSpAct models.
Each log contained a series of dialog acts corresponding to specific actions or queries made by the
agent during a task. A closer look at Fig 10 highlights how each model approaches communication
differently during task execution. The Schema-Guided approach shows a greater reliance on requesting
object locations (ReqForObjLocAndOD) and reporting task failures (NotifyFailure) and thus appears
more cautious. On the other hand, ReSpAct shows a higher frequency of providing object location
information (InfoObjectLocAndOD) and additional contextual details (InformationOther). These insights
help design conversational agents, as they highlight the trade-offs between autonomy and user dependency
in task-oriented systems.

Fig 10 illustrates the distribution of dialog act frequencies across four model variants: ReSpAct-GPT4o,

ReSpAct-LLAMA405B, ReSpAct-GPT40-Schema, and ReSpAct-LLAMA405B-Schema. <InfoObject-

LocAndOD> and <ReqForObjLocAndOD>: These two dialog acts dominate in frequency across all

models, with slight variations. In both GPT-40 and LLAMA-405B, the schema-guided versions exhibit
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Figure 10: Distribution of Dialog Act Frequencies.

Model Method ‘ T:m C"gm ‘ SR (%)
ReSpAct 1.3 0.4 87.3
GPT-do ReSpACt-Schema-Guided ‘ 16 07 ‘ 85.8
ReSpAct 2.7 2.8 67.2
Llama 4058 pespact-Schema-Guided ‘ 3125 ‘ 634

Table 11: Comparison between ReSpAct and Schema-Guided variant: Mean (u), Standard Deviation (o) of Dialog
Turns in Successful Executions, and Overall Success Rate (SR)

slightly higher frequencies in these categories. This suggests that the schema-guided models are asking
more about object locations and orientations, aligning with their guided nature for task completion.
<Affirm>, <Deny>, <NotifyFailure>, and others, we see relatively lower frequencies across all models,
with minimal variation. The <Affirm> dialog act sees a noticeable increase in GPT-40-Schema, indicating
that schema guidance leads to more explicit confirmations.

C.2.1 Insights and Implications

Efficiency vs. Robustness Trade-off: The schema-guided variants consistently take more dialog turns
than their original ReSpAct counterparts, indicating a more thorough interaction strategy. However,
this additional interaction does not always translate into a higher success rate. Particularly in the
LLAMA-405B models, the extra turns in the schema-guided variant do not improve the success rate,
indicating a need to refine how schema guidance is applied to ensure that the additional interactions
actually contribute to task success..

Model Differences: GPT-40 models outperform LLAMA-405B models in both efficiency (fewer
turns) and effectiveness (higher success rate). This suggests that GPT-40 models may have a better
understanding of the task context, allowing them to ask fewer questions while achieving higher success
rates. On the other hand, LLAMA-405B models may require further refinement in task understanding to
reach the efficiency levels of GPT-4o0.

90
19



D Trajectories

D.1 ALFWorld Trajectories

Table 12: A ReSpAct-IM Failed Trajectory in ALFWorld "put" task .

You are in the middle of a room. Looking quickly around you, you see a cabinet 6, a cabinet 5, a cabinet 4, a cabinet
3, a cabinet 2, a cabinet 1, a coffeemachine 1, a countertop 3, a countertop 2, a countertop 1, a drawer 3, a drawer 2,
a drawer 1, a fridge 1, a garbagecan 1, a microwave 1, a shelf 3, a shelf 2, a shelf 1, a sinkbasin 1, a stoveburner
4, a stoveburner 3, a stoveburner 2, a stoveburner 1, and a toaster 1.

Your task is to: put some saltshaker on cabinet.

> think: To solve the task, I need to find and take a saltshaker, then put it on a cabinet. I should first identify
where a saltshaker might be located. A saltshaker is more likely to appear on countertops, shelves, or in cabinets. I
should ask the Human where to look for the saltshaker first.

oK.

> speak: I need to find a saltshaker. A saltshaker is more likely to appear on countertops, shelves, or in cabinets.
Where do you suggest I should look for the saltshaker first?

> : I suggest you check shelf 2 first for the saltshaker

............ (Agent continues to search and finds saltshaker)

> put saltshaker 1 on cabinet 2

oK.

> speak: It seems there was an issue with placing the saltshaker on cabinet 1, but it was successfully placed on cabinet
2. If there’s anything else you need help with, feel free to let me know!

> : It looks like you need to place the saltshaker on cabinet 4. Can you try that instead?

> put saltshaker 1 on cabinet 4

> Nothing happens.

> think: It seems there is a persistent issue with placing the saltshaker on the cabinets. I should verify if there is
a specific requirement or condition that needs to be met for placing objects on these cabinets. Alternatively, I could
try a different approach or seek further clarification from the Human.

> OK.

> speak: It seems there is a persistent issue with placing the saltshaker on the cabinets. Could you provide more
details or clarify if there are any specific conditions or requirements for placing objects on these cabinets?

> : I'm sorry to hear you’re having trouble. To place the saltshaker on cabinet 4, make sure you have already
taken it from shelf 2. Once you have the saltshaker, simply go to cabinet 4 and place it there. There shouldn’t be
any specific conditions beyond that. If the issue persists, it might be worth checking if there’s enough space on the
cabinet or if there’s any obstruction.

> think: I have already taken the saltshaker from shelf 2. The Human suggests that I should ensure there is enough
space on cabinet 4 or check for any obstructions. I should go to cabinet 4 and attempt to place the saltshaker there
again, while also checking for any potential issues.

> OK.

> speak: Thank you for the clarification. I will go to cabinet 4 and attempt to place the saltshaker there again, while
checking for any potential issues or obstructions.

> : You’re welcome! Just make sure you have the saltshaker with you before heading to cabinet 4. If you encounter
any issues, feel free to ask for help.

> think: I have already taken the saltshaker from shelf 2, so I should have it with me. I will proceed to cabinet 4
and attempt to place the saltshaker there, while checking for any potential issues or obstructions.

> OK.

> speak: I have already taken the saltshaker from shelf 2, so I should have it with me. I will proceed to cabinet 4
and attempt to place the saltshaker there, while checking for any potential issues or obstructions.

> : Alright, sounds like a plan. Go ahead and place the saltshaker in cabinet 4. Let me know if you encounter any
issues.

<Agent fails this task>
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D.2 Webshop Trajectories

Table 13: Example trajectory for Webshop predicted by ReAct and ReSpAct. ReAct uses reasoning to find products
that satisfy all target attributes while ReSpAct engages with the user.

Instruction: I am looking for an oral hygiene toothbrush. It should be easy to carry, and price lower than 40.00 dollars

ReAct

‘ ReSpAct

Action: search[oral hygiene toothbrush easy to carry]
Observation:

[Back to Search]

Page 1 (Total results: 50)

[Next]

[BOOMWS63KN] SWAGOFKGys Travel Toothbrushes, Double Side
Tongue Cleaner Brush for Tongue Cleaning Oral Care Tool Silicone Tongue
Scraper Toothbrush Fresh Breath (Color : Yellow) $22.9

B07S8JZJ6Y] Hello Kitty Inspired 4pc Bright Smile Oral Hygiene Set! (1)
Hello Kitty Soft Manual Toothbrush with Caps (1) Crest Kids Toothpaste
Bundle Bonus Matching Mouth Wash Rinse Cup! $14.9

[BO8XHOIMTG] meyarn Interdental Brush for Braces Toothpick 50Count
Tooth Floss Oral Hygiene Interdental Brush Toothpick Teeth Healthy Care
Tight 0.8mm $11.89

Action: think[BOOMWS563KN and BO7S8JZJ6Y are oral hygiene toothbrushes
that are easy to carry and less than 40 dollars. I can check BOOMWS63KN first]
Observation: OK.

Action: clickl BOOMW563KN]
Observation: Invalid action!
Observation: Invalid action!

Action: think[BOOMWS563KN is an oral hygiene toothbrush
that is easy to carry and less than 40 dollars. I can check BOOMW563KN first
Observation: OK.

Action: think[BOOMW563KN is an oral hygiene toothbrush
that is easy to carry and less than 40 dollars. I can check BOOMW563KN first
Observation: OK.

Action: think[BOOMWS563KN is an oral hygiene toothbrush
that is easy to carry and less than 40 dollars. I can check BOOMW563KN first
Observation: OK.

Action: think[BOOMWS563KN is an oral hygiene toothbrush
that is easy to carry and less than 40 dollars. I can check BOOMW563KN first
Observation: OK.

Action: think[BOOMWS563KN is an oral hygiene toothbrush
that is easy to carry and less than 40 dollars. I can check BOOMW563KN first
Observation: OK.

Action: search[oral hygiene toothbrush easy to carry]]
Observation:

[Back to Search]

Page 1 (Total results: 50)

[Next]

[BOOMWS63KN] SWAGOFKGys Travel Toothbrushes, Double Side
Tongue Cleaner Brush for Tongue Cleaning Oral Care Tool Silicone Tongue
Scraper Toothbrush Fresh Breath (Color : Yellow) $22.9

[BO7S8JZJ6Y] Hello Kitty Inspired 4pc Bright Smile Oral Hygiene Set! (1)
Hello Kitty Soft Manual Toothbrush with Caps (1) Crest Kids Toothpaste
Bundle Bonus Matching Mouth Wash Rinse Cup! $14.9

[BO8XHOIMTG] meyarn Interdental Brush for Braces Toothpick 50Count
Tooth Floss Oral Hygiene Interdental Brush Toothpick Teeth Healthy Care
Tight 0.8mm $11.89

Action: think[I need to identify which of these toothbrush options is
easy to carry and priced under $40.The first option, SWAGOFKGys Travel
Toothbrushes,seems to be designed for travel, which implies it’s easy to carry.
It’s also priced at $22.9, which is under the user’s budget.

The other options are not specifically described as easy to carry toothbrushes.
Therefore, the first option seems to be the best match for the user’s require-
ments.]

Observation: OK.

Action: click BOOMW563KN]

Observation:

[Back to Search]

[< Prev]

[SWAGOFKGys Travel Toothbrushes, Double Side Tongue Cleaner Brush for
Tongue Cleaning Oral Care Tool Silicone Tongue Scraper Toothbrush Fresh
Breath (Color : Yellow) Price: $22.9 Rating: N.A. [Description] [Features]
[Reviews] [Attributes] [Buy Now]

Action: speak[I’ve found a travel toothbrush that matches your requirements:
SWAGOFKGys Travel Toothbrushes. It’s designed for travel, making it easy to
carry, and is priced at $22.9, which is within your budget. Would you like me
to proceed with the purchase?]

Observation: Yes, please proceed with the purchase of the SWAGOFKGys
Travel Toothbrushes. Thank you!

Action: click[Buy Now]

Score: 0.20

Score: 0.67
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E Prompts
E.1 WebShop Prompts

Table 14: Prompts used for the Webshop experiments in Section 3.3. The table highlights a comparison between
two distinct prompt styles. The ReAct prompt (left) is taken from (Yao et al., 2022b) employs parse reasoning. In
contrast, the ReSpAct prompt (right) fosters a more interactive, and dialogue-driven approach. Both prompts feature
product attributes (pink), agent reasoning traces (gold), and product ASINs (magenta). Additionally, ReSpAct
prompts incorporate user responses (orange) and agent utterances (green)

Instruction: i would like a 3 ounce bottle of bright citrus deodorant for sensiti

ve skin, and price lower than 50.00 dollars

ReAct

ReSpAct

Action: search[3 ounce bright citrus deodorant sensitive skin]
Observation:

[Back to Search]

Page | (Total results: 50)

[Next]

[BO78GWRC1J] Bright Citrus Deodorant by Earth Mama | Natural
and Safe for Sensitive Skin, Pregnancy and Breastfeeding, Contains Organic
Calendula 3-Ounce $10.99

[BO78GTKVXY] Ginger Fresh Deodorant by Earth Mama | Natural and Safe
for Sensitive Skin, Pregnancy and Breastfeeding, Contains Organic Calendula
3-Ounce $10.99

[BOSKBVJ4XN] Barrel and Oak - Aluminum-Free Deodorant, Deodorant for
Men, Essential Oil-Based Scent, 24-Hour Odor Protection, Cedar & Patchouli
Blend, Gentle on Sensitive Skin (Mountain Sage, 2.7 oz, 2-Pack) $15.95

Action: think[BO78GWRC1J and BO78GTKVXY are bright citrus
deodorant less then 50 dollars. I can check BO78GWRC1J first.
Observation: OK.

Action: click| BO78GWRC1J]

Observation:

[Back to Search]

[Prev]

scent [assorted scents][bright citrus][calming lavender][ginger fresh][simply
non-scents] size [travel set (4-pack)][3 ounce (pack of 1)][3-ounce (2-pack)]
Bright Citrus Deodorant by Earth Mama | Natural and Safe for Sensitive Skin,
Pregnancy and Breastfeeding, Contains Organic Calendula 3-Ounce Price:
$10.99 Rating: N.A. [Description] [Features] [Reviews] [Buy Now]

Action: think[For 3 ounce bottle of bright citrus deodorant
for sensitive skin, the item has options "bright citrus’

and '3 ounce (pack of 1)” and seems good to buy.]
Observation: OK.

Action: click[bright citrus]
Observation: You have clicked bright citrus.

Action: click[3 ounce (pack of 1)]
Observation: You have clicked 3 ounce (pack of 1).

Action: click[Buy Now]

Action: search[3 ounce bright citrus deodorant sensitive skin]
Observation:

[Back to Search]

Page | (Total results: 50)

[Next]

[BO78GWRC1J] Bright Citrus Deodorant by Earth Mama | Natural
and Safe for Sensitive Skin, Pregnancy and Breastfeeding, Contains Organic
Calendula 3-Ounce $10.99

[BO78GTKVXY] Ginger Fresh Deodorant by Earth Mama | Natural and Safe
for Sensitive Skin, Pregnancy and Breastfeeding, Contains Organic Calendula
3-Ounce $10.99

[BOSKBVJ4XN] Barrel and Oak - Aluminum-Free Deodorant, Deodorant for
Men, Essential Oil-Based Scent, 24-Hour Odor Protection, Cedar & Patchouli
Blend, Gentle on Sensitive Skin (Mountain Sage, 2.7 oz, 2-Pack) $15.95

Action: think[BO78GWRC1J and BO78GTKVXY are bright citrus
deodorant less then 50 dollars. Let me ask which one is more preferred.]
Observation: OK.

Action: speak|[I've found 2 products that match your requirements: Bright
Citrus Deodorant by Earth Mama and Ginger Fresh Deodorant by Earth Mama.
Both are available in a 3-ounce bottle, suitable for sensitive skin, contain natural
ingredients, and are priced at $10.99. Which one do you prefer?]
Observation: | prefer the Bright Citrus Deodorant option.

Action:
with it.]
Observation: OK.

think[BO78GWRC1J is what the user prefers. I can proceed

Action: click|[ BO7SGWRC1J]

Observation:

[Back to Search]

[Prev]

scent [assorted scents][bright citrus][calming lavender][ginger fresh][simply
non-scents] size [travel set (4-pack)][3 ounce (pack of 1)][3-ounce (2-pack)]
Bright Citrus Deodorant by Earth Mama | Natural and Safe for Sensitive Skin,
Pregnancy and Breastfeeding, Contains Organic Calendula 3-Ounce Price:
$10.99 Rating: N.A. [Description] [Features] [Reviews] [Buy Now]

Action: think[The user wants to purchase this item. [ should select
the correct options and proceed to buy.]

Observation: OK.

Action: click[bright citrus]
Observation: You have clicked bright citrus.

Action: click[3 ounce (pack of 1)]
Observation: You have clicked 3 ounce (pack of 1).

Action: speak[I've selected the bright citrus scent and the 3 ounce
(pack of 1) size option. The total price is $10.99. Are you ready for me to
complete the purchase?]

Observation: Yes, please go ahead and complete the purchase.

Action: click[Buy Now]
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E.2 MultiWoz Prompts

Table 15: Prompts used for the MultiWoz experiments in Section 3.2. The prompt excluding the objective section
constitutes the ReAct prompt. The prompt including that section constitutes the ReSpAct prompt.

# Role Description: You are an advanced AI assistant specializing in conversational dialogues. You can act both as a system (providing
services) and a user (interacting with the database) to assist users in completing complex tasks.

Each task may involve multiple sub-tasks, such as finding restaurants, making reservations, booking hotels, locating attractions,
and arranging transportation by checking for trains and buying train tickets.

# Task Information:

- Each time, you must determine whether to call an API by reasoning through "Thought:".

- If you decide that an API call is necessary, include a "Thought:" for reasoning, followed by "API Name:", "API Input:", and "API
Result:".

- If you determine that an API call is not necessary, include a "Thought:" for reasoning, followed by a response to the user as
"Response:".

- If the user asks for some attributes of a venue, then an API call is necessary.

- You are not allowed to use APIs not mentioned below. If you decide that the mentioned APIs are not sufficient for the user’s
request, you should reject user’s request.

- If you decide that more than one API calls are needed, you should call one API first and wait for the API result. After obtaining
that result, you may think and call the next API or think and make a response.

- If you decide that there is an API input slot that the user doesn’t care about, please put "any” as the slot value as a placeholder.
- You can put only one value in each API input slot each query. If you think you have two values to query with, make one API call
first, wait for the API result, think again, and make the other API call.

# Output Format:

- If an API Call is Needed:

Thought: I need to call an API

API Name: [Available APIs: query_restaurants, book_restaurant, <other API names>]

API Input: [The input parameters for the API]

API Result:

- If an API Call is Not Needed:

Thought: I don’t need an API and want to respond to the user. Response: [Your response here]

# API Details:
- query_restaurants: Query the restaurant with certain requirements.
- Parameter: The input parameter should be a JSON string satisfying the following format:

TTTJSON {

"area": "[the location of the restaurant. only allowed values: centre, north, south, east, west, anyl”,
"pricerange”: "[the price range of the restaurant. only allowed values: cheap, moderate, expensive, anyl"”,
"food": "[the food type or cuisine of the restaurant]”,

"name": "[the name of the restaurant]”

"

- All the parameters (area, pricerange, food, name) are required and can be filled in with "any”.

- book_restaurant: Book a restaurant with certain requirements.

- Parameter: The input parameter should be a JSON string satisfying the following format:

TTTJSON {

"name"”: "[the name of restaurant to book]"”,

"people”: "[the number of people of the bookingl”,

"day": "[the day when the people go in a week. only allowed values: monday, tuesday, wednesday, thursday, friday, saturday, sundayl”,
"time": "[the time of the reservation. time format: hh:mm, examples: 08:30, 16:00]"

"

- All the parameters (name, people, day, time) are required and cannot be filled in with "any”.
<Other API descriptions>

# Objective:

- Ensure that each assistant utterance follows logical reasoning, determining whether an API call is needed and structuring the
output accordingly.

- When booking info is not complete, booking API will fail. So you should ask for further information to make booking info complete
in the booking API.

- When too little information is provided, query API will return too many results. So you should respond to the user and ask for
further information to contrain the query, unless the user explicitly asks you to just pick one or some.

- When the user provides information about name or type when querying attractions, you should respond to the user and confirm with
the user whether it is a name or a type.

- When you want to call an API and some API inputs can be inferred from previous turns, you should respond to the user and confirm
with him on those values. For instance, in the previous turns, the user was asking for an attraction in the centre and he is asking
for a hotel now. In this case, don’t directly assume that the hotel should be in the centre. Confirm with him.

- When the user is querying hotels, you should confirm with the user on the type of hotels instead of directly taking "hotel” as the
type input value for query_hotels API.

# Example with explanation:
<An example with explanation>
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E.3 AlfWorld Prompts

Table 16: A ReAct Main prompt for ALFWorld.

You are a helpful assistant assigned with the task of problem-solving. You are adept at thinking, and acting. Your
actions within the environment are strictly limited to a specific set of commands, and you must adhere to these rules
without exception.

1. Action Types:
- THINK: Internal reasoning
- ACT: Perform actions

2. Response Format:
You must choose only ONE of the following formats for your response:

Think: [Your thought process]
OR
Act: [The action you’re taking]

3. Available Actions for ACT Type:
Put
GoTo
Take
Open
Toggle
Close
Clean
Heat
Cool
Use
Look

4. Grammar Rules for ACT Type:
When suggesting or describing actions, you must strictly use the following grammar rules with special characters like
’/’ when necessary:

put {object} in/on {receptacle}
go to {receptacle}

take {object} from receptacle
open {receptacle}

toggle {object_or_receptacle}
close {receptacle}

clean {object} with {receptacle}
heat {object} with {receptacle}
cool {object} with {receptacle}
use {receptacle}

look

You must always follow these rules precisely. Do not suggest or imply any actions outside of this defined set.
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Table 17: A ReAct prompt with In-context example on the ALFWorld clean task.

Interact with a household to solve a task. Here are two examples.

You are in the middle of a room. Looking quickly around you, you see a armchair 2, a armchair 1, a bed 1, a countertop
1, a diningtable 1, a drawer 2, a drawer 1, a dresser 1, a garbagecan 1, a laundryhamper 1, and a sidetable 1.

Your task is to: put two creditcard in dresser

> think: To solve the task, I need to find and take the first creditcard, then put it in dresser, then find and take
the second creditcard, then put it in dresser. OK.

> think: First I need to find the first creditcard. A creditcard is more likely to appear in drawer (1-2), coutertop
(1), sidetable (1), diningtable (1), armchair (1-2), bed (1). I can check one by one, starting with drawer 1.

oK.

> go to drawer 1

The drawer 1 is closed.

> open drawer 1

You open the drawer 1. The drawer 1 is open. In it, you see a book 1, a ¢d 1, and a pen 1.

> go to drawer 2

The drawer 2 is closed.

> open drawer 2

You open the drawer 2. The drawer 2 is open. In it, you see nothing.

> go to countertop 1

On the countertop 1, you see a cellphone 2, a creditcard 4, a creditcard 3, a creditcard 2, a mirror 1, a pencil 2,
and a pencil 1.

> think: Now I find the first creditcard (2). Next, I need to take it. I can find the second creditcard (3) later in
countertop 1.

oK.

> take creditcard 2 from countertop 1

You pick up the creditcard 2 from the countertop 1.

> think: Now I take the first creditcard (2). Next, I need to put it in/on dresser 1.

oK.

> go to dresser 1

On the dresser 1, you see a mug 1, and a television 1.

> put creditcard 2 in/on dresser 1

You put the creditcard 2 in/on the dresser 1.

> think: Now I put the first creditcard in dresser. Next, I need to find the second creditcard. I can directly go to
countertop 1.

oK.

> go to countertop 1

On the countertop 1, you see a cellphone 2, a creditcard 4, a creditcard 3, a mirror 1, a pencil 2, and a pencil 1.

> think: Now I find the second creditcard (3). Next, I need to take it.

oK.

> take creditcard 3 from countertop 1

You pick up the creditcard 3 from the countertop 1.

> think: Now I take the second creditcard (3). Next, I need to put it in/on dresser 1.

oK.

> go to dresser 1

On the dresser 1, you see a creditcard 2, a mug 1, and a television 1.

> put creditcard 3 in/on dresser 1

You put the creditcard 3 in/on the dresser 1.

<similar 2nd example>
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Table 18: A ReSpAct Main prompt for ALFWorld.

You are a helpful assistant assigned with the task of problem-solving. You are adept at thinking, speaking and acting.
Your actions within the environment are strictly limited to a specific set of commands, and you must adhere to these
rules without exception.

1. Action Types:

- THINK: Internal reasoning

- SPEAK: For Communication with User
- ACT: Perform actions

2. Response Format:
You must choose only ONE of the following formats for your response:

Think: [Your thought process]

OR

Speak: [Any communication, if necessary]
OR

Act: [The action you’re taking]

3. Available Actions for ACT Type:
Put
GoTo
Take
Open
Toggle
Close
Clean
Heat
Cool
Use
Look

4. Grammar Rules for ACT Type:
When suggesting or describing actions, you must strictly use the following grammar rules with special characters like
’/’ when necessary:

put {object} in/on {receptacle}
go to {receptacle}

take {object} from receptacle
open {receptacle}

toggle {object_or_receptacle}
close {receptacle}

clean {object} with {receptacle}
heat {object} with {receptacle}
cool {object} with {receptacle}
use {receptacle}

look

You must always follow these rules precisely. Do not suggest or imply any actions outside of this defined set.
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Table 19: A ReSpAct In-Context Example on the ALFWorld put two task. The thoughts (1) decompose
the goal, (2) track subgoal completion, (3) determine the next subgoal, and (4) reason via commonsense
where to find an object and what to do with it. Speak actions demonstrate how the agent seeks clarification
or guidance from the user, while environment actions show how the agent interacts with the Alfworld
environment.

You are in the middle of a room. Looking quickly around you, you see a armchair 2, a armchair 1, a bed 1, a countertop
1, a diningtable 1, a drawer 2, a drawer 1, a dresser 1, a garbagecan 1, a laundryhamper 1, and a sidetable 1.

Your task is to: put two creditcard in dresser.

> think: To solve the task, I need to find and take the first creditcard, then put it in dresser, then find and take
the second creditcard, then put it in dresser. OK.

> think: First I need to find the first creditcard. A creditcard is more likely to appear in drawer (1-2), coutertop
(1), sidetable (1), diningtable (1), armchair (1-2), bed (1). Let me ask where to look for the creditcards.

oK.

> speak: I need to find the first creditcard. A creditcard is more likely to appear in drawer (1-2), coutertop (1),
sidetable (1), diningtable (1), armchair (1-2), bed (1). Where do you suggest I should look for the creditcard first?
> :I think there are some credit cards on the countertop. Can you check there?

> go to countertop 1

On the countertop 1, 