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Abstract

Open-domain dialogue systems have been in-
creasingly applied in various situations, with
a growing need to improve user engagement.
One effective approach is to generate responses
based on interesting external knowledge us-
ing knowledge-grounded response generation
models. However, relying solely on interest-
ingness can lead to incoherent responses, po-
tentially diminishing user engagement. This
paper proposes a novel method for generat-
ing engaging responses while maintaining con-
textual coherence. Our approach leverages
a pre-trained knowledge-grounded response
generation model and modifies the knowledge
selection process to enhance response coher-
ence and interestingness without requiring ad-
ditional training. First, knowledge candidates
with high contextual relevance are retrieved.
These candidates are then reranked based on
their interestingness and used to generate the
responses. Finally, the method detects dialogue
breakdowns and regenerates responses as neces-
sary to ensure coherence. We conducted exper-
iments using the Wizard of Wikipedia dataset
and two state-of-the-art response generation
models. The results indicate that the proposed
method improves both response coherence and
interestingness.

1 Introduction

In recent years, significant advancements in lan-
guage models have led to the widespread use of
open-domain dialogue systems across various so-
cial settings. Consequently, user expectations have
risen, particularly regarding interactive experiences
and engagement. To meet this demand, research
has increasingly focused on generating responses
that enhance user engagement, including empa-
thetic, personality-based, and knowledge-grounded
responses (Algherairy and Ahmed, 2024).

Owing to this objective, knowledge-grounded
response generation models have been attracting

Topic: Cardigan (sweater)

(A) Coherent but uninteresting response )

-
I like wearing cardigans because they help

g regulate my temperature.

-

I like cardigans because they are open at the front
and a bit more comfortable than a pullover.

(B) Interesting but incoherent response N\

What color cardigan do you like?

-
i I have been wearing beige cardigans a lot lately. ]

I know that Coco Chanel is credited with

popularizing cardigans for women because she hated %
L how tight-necked men's sweaters messed up her hair.
e (C) Coherent and interesting response

ﬁ Do you know the origins of the cardigan? ]

I know that the cardigan was named after
James Brudenell, 7th Earl of Cardigan, a British
Army Major General who led the Charge of

the Light Brigade at the Battle of Balaclava
during the Crimean War.

AN

)

Figure 1: Dialogues between a user and a dialogue sys-
tem. Generating both coherent and interesting responses
is crucial for maintaining user engagement.

-

considerable attention. These models retrieve rel-
evant knowledge from external knowledge bases
and generate responses accordingly. These mod-
els can generate diverse and informative responses
(Wang et al., 2023a). Typically, these models select
the most suitable knowledge as the next response
from the externally given knowledge. However,
such models are trained to treat only one knowl-
edge as the correct answer, even when multiple
suitable knowledges are available. Consequently,
they often generate mundane responses that con-
tain well-known information, as shown in Figure
1 (A). Such responses often make the conversation
boring for users and make it difficult to capture
and maintain user interest, ultimately leading to a
decrease in engagement.

This study addresses the challenge of building an
engaging dialogue system that captures user inter-
est through captivating responses. Several studies
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have demonstrated that incorporating interesting
facts can effectively enhance user engagement in
tasks like entity search and conversation. For in-
stance, Tsurel et al. (2017) improved users’ over-
all experience by augmenting entity search results
with relevant, interesting information. Leveraging
interesting facts to capture user attention is consid-
ered an effective approach for building an engaging
dialogue system. Several methods have been pro-
posed to incorporate pre-collected interesting facts
into open-domain or task-oriented dialogues (Kon-
rad et al., 2021; Vicente et al., 2023). However,
user engagement can be significantly diminished
even if the responses themselves are interesting,
due to incoherence, as illustrated in Figure 1 (B).
Therefore, to improve user satisfaction and build
an engaging dialogue system, generating responses
that balance both coherence and interestingness is
crucial, as depicted in Figure 1 (C).

This study proposes a method for selecting
knowledge based on both its relevance to the di-
alogue and its interestingness, allowing us the
generation of responses that facilitate coherence
and interest. This approach builds on a pre-
trained knowledge-grounded response generation
model, using it as the base model while modifying
the knowledge selection process during inference.
First, to maintain response coherence, knowledges
are filtered according to their relevance to the dia-
logue context. Subsequently, the knowledge can-
didates are reranked by interestingness, assigning
a quantitative score using a large language model
(LLM). Finally, dialogue breakdown detection is
applied to the generated responses using an LLM to
ensure response coherence. This method can be em-
ployed without the additional training of the base
model and can be applied to various knowledge-
grounded response generation models. Our contri-
butions can be summarized as follows:

* We propose a novel knowledge-grounded re-
sponse generation approach that enhances re-
sponse coherence and interestingness.

* We showed the effectiveness of generating
engaging responses by selecting knowledge
based on the score predicted by an LLLM and
the effectiveness of generating coherent re-
sponses by detecting dialogue breakdowns us-
ing an LLM.

* We demonstrated that applying our proposed
approach effectively enhances the consistency

and interest of responses through experiments
with two strong previous methods.

2 Related Work

2.1 Knowledge-Grounded Response
Generation

Several studies have been conducted on knowledge-
grounded response generation models, which gen-
erate responses based on external knowledge rele-
vant to the dialogue. Kim et al. (2020) constructed a
knowledge selection model with continuous latent
variables modeling past knowledge selection. Zhao
et al. (2020) also proposed an unsupervised ap-
proach to jointly optimize knowledge selection and
response generation using a prior learning model.
However, most existing methods mainly perform
knowledge selection by considering only the di-
alogue context, leading to responses that contain
general information and lack engagement (Xu et al.,
2023a). To address this, Xu et al. (2023a) modeled
a shift in dialogue topics and developed a model
for selecting diverse knowledge while remaining
consistent with the dialogue context. Chawla et al.
(2024) proposed a method for addressing the trade-
off between response consistency and fidelity by
planning for desired response features and generat-
ing responses. These studies focused on improving
diversity. However, to construct a dialogue sys-
tem that is human-like and engaging, consideration
should be given to diversity and interestingness.
Even if a system produces diverse responses by
drawing from a wide range of knowledge, a lack
of interestingness may make the conversation feel
dull. In contrast, while novel and unexpected in-
formation can enhance the dialogue experience,
repeatedly generating similar types of interesting
content may still lead to monotonous interactions
and reduced user engagement. Our method gen-
erates coherent, diverse, and interesting responses
by leveraging knowledge that is both relevant and
interesting. It also has the advantage of employing
an existing response generation model as a foun-
dation, allowing it to retain the ability to generate
high-quality responses.

2.2 Interestingness of Knowledge

As interest in intriguing facts has grown, research
focusing on the automatic extraction of such facts
has become increasingly active. Previous studies
have defined trivia as any fact about an entity that
is interesting due to unusualness, uniqueness, un-
expectedness, or weirdness (Prakash et al., 2015).



Prakash et al. (2015) estimated the interestingness
of sentences by using SVMrank, which was trained
on publicly available data. Tsurel et al. (2017) uti-
lized category information from Wikipedia articles
to evaluate the rarity of specific articles within the
same category according to similarity, generating
trivia sentences using a template-based approach.
Kwon et al. (2020) defined a surprise score as the in-
verse of the similarity to the summary found at the
beginning of Wikipedia articles, extracting trivia
sentences by leveraging Wikipedia’s hierarchical
structure. Korn et al. (2019) employed statistical
tables from Wikipedia to generate trivia sentences
using a template-based approach.

These studies propose methods for automatically
retrieving trivia from Wikipedia due to its rich and
diverse content. However, they depend heavily on
Wikipedia’s specific structures, such as categories
and tables, which limits their effectiveness for ex-
tracting trivia from general text!. No existing meth-
ods have been proposed for automatically scoring
the interestingness of knowledge in a highly accu-
rate and general-purpose manner. Therefore, we
assign interestingness scores to each knowledge
using an LLM.

2.3 Dialogue Systems Using Interesting
Knowledge

Several studies have investigated the use of inter-
esting knowledge in dialogues to achieve engaging
interactions. Konréd et al. (2021) developed a dia-
logue system that incorporated interesting knowl-
edge by generating follow-up questions. However,
the timing of knowledge insertion was rule-based,
and the responses did not consider the broader dia-
logue context, leading to unnatural conversations.
Vicente et al. (2023) proposed a method for in-
corporating interesting knowledge into a spoken
dialogue system to help users perform complex
tasks. In this approach, interesting knowledge gath-
ered from web searches is incorporated into the
dialogue using templates, which tends to produce
monotonous and inconsistent responses. The pro-
posed method addresses these issues by selecting
knowledge based on both relevance to the dialogue
and interestingness, generating responses without
using templates, and ensuring coherence using dia-
logue breakdown detection.

'The knowledge in the Wizard of Wikipedia dataset used
in the experiments in this paper is limited to the first paragraph
of each Wikipedia page, so these methods cannot be applied.

3 Method

We propose a method for selecting knowledge
based on both its relevance to the dialogue and
its interestingness, generating responses that em-
body both coherence and interestingness to build
an engaging dialogue system. Figure 2 presents an
overview of the proposed method. We build upon
pre-trained knowledge-grounded response genera-
tion models, using them as base models. In these
base models, each knowledge is assigned a score
that represents its suitability for the next response.
The knowledge with the highest score is selected,
and a response is generated based on that knowl-
edge and the dialogue context. This score reflects
both the appropriateness of the knowledge for the
next response and its relevance to the dialogue con-
text, which we refer to this score as the contextual
relevance score. Our proposed method modifies
the knowledge selection process during the infer-
ence of the base models to improve response co-
herence and interestingness. Instead of the base
model’s knowledge selection process, we introduce
a three-step approach encompassing knowledge
filtering, knowledge reranking, and dialogue break-
down detection. In the knowledge filtering step, we
select knowledge candidates based on contextual
relevance to ensure coherence. In the knowledge
reranking step, we reorder the candidates by their
interestingness to enhance engagement. Finally, in
the dialogue breakdown detection step, we assess
the generated responses for coherence and regener-
ate them as needed. Importantly, our method does
not require additional model training and can be
applied broadly to various knowledge-grounded
response generation models.

3.1 Task Definition

Suppose we have a case of knowledge-grounded di-
alogues (Uy, K), where U, = {u1, ..., u;} denotes
a dialogue context up to turn ¢ on a given topic, and
K; = {k1,..., ke pm} represents the knowledge
items relevant to the dialogue at turn ¢. Here, u; is
the utterance at turn 4, k; ; is the j-th knowledge
item at turn ¢, and M is the number of relevant
knowledge items. The objective is to generate an
engaging and interesting response w41 by select-
ing knowledge from K; that is both contextually
relevant and interesting. For simplicity, we omit
the subscript turn ¢ in the following explanation.



Dialogue Topic: Harry Potter

Previous knowledge-grounded response generation model (Base model)

Harry Potter is a series
of fantasy novels,
do you know of them?

Dialogue context

Contex

1 do know them,

— gl

I know that
it was written

by British author
J. K Rowling.

tual relevance score

)

Proposed method

but I have only

seen the movies,

(B) Knowledge Reranking

I never read the books.

(A) Knowledge Filtering
Vs

~
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Figure 2: The overview of our approach. The previous knowledge-grounded response generation model assigns

a contextual relevance score to each knowledge, select:

s the knowledge with the highest score, and generates a

response. Conversely, our proposed method replaces the inference process of previous methods with a three-step

approach encompassing knowledge filtering, knowledge

3.2 Knowledge Filtering

In previous knowledge-grounded response genera-
tion models, the knowledge with the highest con-
textual relevance score is selected to generate a re-
sponse. Nonetheless, in dialogue, multiple knowl-
edges may be appropriate for a response, depend-
ing on the context. For instance, in response to
the question “When is Leonardo DiCaprio’s date
of birth?”, using “Leonardo DiCaprio was born
on November 11, 1974 would be most appro-
priate. Conversely, for the question “What were
Leonardo DiCaprio’s hobbies as a child?”, both
“His hobbies were collecting baseball cards and
comic books.” and “He enjoyed visiting museums
with his father.” could be contextually relevant.
When multiple knowledge candidates are contex-
tually appropriate, selecting the more interesting
ones among them is expected to enhance the overall
interestingness of the response while maintaining
their coherence. Thus, as shown in Figure 2 (A),
the proposed method initially filters knowledge can-
didates based on their contextual relevance scores
to identify those contextually suitable for response
generation.

In this study, we propose to divide into the fol-
lowing three cases based on the contextual rele-
vance scores of the knowledge:

* Confident: When one particular knowledge
has a significantly higher score than others,
only that knowledge is considered suitable for
the context.

reranking, and dialogue breakdown detection.

* Undecided: When two or three knowledges
have notably high scores, all of them are con-
sidered relevant to the context.

* Unclear: When all knowledges have roughly
similar scores, all knowledges are considered
relevant to the context.

We apply a softmax function to the contextual rel-
evance scores of the knowledge to calculate the
degree to which each knowledge dominates the
overall knowledge. We then divide into the three
cases based on the threshold for that ratio and fil-
ter the knowledge accordingly. In the Confident
case, we filter one knowledge candidate; in the
Undecided case, we filter two or three; and in the
Unclear case, we filter multiple candidates. All
filtered knowledge candidates, denoted as K }; are
considered highly relevant to the dialogue context,
ensuring that the selected knowledge contributes
to generating coherent and contextually appropri-
ate responses. Appendix A.1 provides the detailed
procedure for knowledge filtering.

3.3 Knowledge Reranking

Knowledge candidates that are highly relevant to
the dialogue context and appropriate for a response
have been selected. Hence, we rerank these can-
didates based on their interestingness to identify
the most engaging knowledge, as shown in Figure
2 (B). To effectively rerank knowledge based on
interest, a quantitative measure is necessary. Ac-



cordingly, we define the trivia score based on the
framework established by Prakash et al. (2015);
Kwon et al. (2020) as follows:

¢ Trivia score 0 (Not Trivia): A fact that is
common, expected, ordinary, or irrelevant.

e Trivia score 1 (Trivia): A fact that is unusual,
unexpected, or unique, but not particularly
engaging.

* Trivia score 2 (Good Trivia): An interesting
fact that is unusual, unexpected, or unique.

Trivia scores for each knowledge candidate are
predicted using GPT-40%. Given the knowledge
as input, GPT-4o classifies it into one of the three
categories: “Not Trivia,” “Trivia,” or “Good Trivia.”
These labels are mapped to scores of 0, 1, and 2.
Inspired by the concept of self-consistency (Wang
et al., 2023b), the trivia score for each knowledge
candidate is predicted five times with the temper-
ature set to temperature = 1. Self-consistency
is a method that samples a diverse set of reason-
ing paths and selects the most consistent answer,
enhancing the performance of chain-of-thought
prompting. However, unlike self-consistency, this
method uses the average of the outputs as the trivia
scores rather than a majority vote to provide a more
fine-grained representation.

The knowledge candidates K. = {k, ..., k}x}
are reordered according to their trivia scores T =

{t},...,t)x}, prioritizing those higher scores.
Kf=k{,...,kt where ¢/ >...>t} (1)

K represents the reranked list of knowledge can-
didates. If multiple candidates have the same trivia
score, they are further ranked based on their con-
textual relevance scores as determined by the base
model. Appendix A.3 provides the prompts used
for trivia score prediction and examples of trivia
scores.

3.4 Dialogue Breakdown Detection

The proposed method selects the top-ranked knowl-
edge kY from the reranked knowledge candidates
K. and generates a response based on that knowl-
edge and the dialogue context. However, even
when selecting knowledge relevant to the dialogue
and generating a response, there may be instances
where the generated response is influenced by the

2https://platform.openai.com/docs/models/
gpt-40

content of the knowledge, resulting in a lack of
consistency with the context. Therefore, dialogue
breakdown detection is performed to ensure the
response coherence, as illustrated in Figure 2 (C).

For dialogue breakdown detection, we utilize
GPT-40. Given the dialogue topic, dialogue con-
text, and generated response as input, it performs
binary classification to determine whether the re-
sponse causes a dialogue breakdown. If no break-
down is detected, then the generated response is
retained. If a breakdown is detected, then a new
response is generated using the next highest-rank
knowledge candidate. This process continues un-
til a coherent response is produced or all knowl-
edge candidates are exhausted. If all knowledge-
grounded responses result in breakdowns, the
model generates a response using only the dialogue
context without relying on external knowledge. Ap-
pendix A.4 provides the prompts used for dialogue
breakdown detection.

4 Experiments

We conduct experiments to compare the response
generation performance of previous knowledge-
grounded response generation models with and
without the proposed method.

4.1 Datasets

We use the test set of the Wizard of Wikipedia
(WoW)? (Dinan et al., 2019) dataset, a large-scale
English knowledge-grounded dialogue dataset
widely employed in many studies. The WoW com-
prises dialogues between two participants: the Wiz-
ard, who has access to knowledges related to the
conversation from Wikipedia articles, and the Ap-
prentice, who does not. The Wizard is given 15
Wikipedia articles: one related to the overall dia-
logue topic and seven related to each of the two
preceding dialogue turns. Each article is divided
into sentences from the introductory paragraph,
with each sentence treated as a distinct knowledge.
From this set, the Wizard selects one knowledge
and generates a response based on it. In the WoW,
the test data is composed of Seen, which includes
dialogue topics that appear in the training data, and
Unseen, which comprises topics not covered in the
training data. We use both the Seen and Unseen in
our experiments.

3https://github.com/facebookresearch/ParlAI
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4.2 Models

In the proposed method, the contextual relevance
score is employed to identify knowledge that is
deemed appropriate for the dialogue context. To
ensure high accuracy in determining the appropri-
ateness of a response to the selected knowledge, we
use knowledge-grounded response generation mod-
els that excel in this task as the base models. Thus,
we adopt two state-of-the-art, high-performance
knowledge-grounded response generation methods:
Sequential Posterior Inference (SPI) and Genera-
tive Knowledge Selection (GenKS).

SPI Xu et al. (2023b) proposed a probabilistic
model with dual latent variables, a discrete latent
variable for knowledge selection, and a continuous
latent variable for response generation. This model
is characterized by its high knowledge selection
accuracy and the high quality of response fidelity
and diversity.

GenKS Sun et al. (2023) employs BART (Lewis
et al., 2020) to perform generative knowledge se-
lection, effectively capturing the interaction be-
tween dialogue and knowledge while demonstrat-
ing strong performance in both knowledge selec-
tion and response generation. This model concate-
nates knowledge with the dialogue context as input
to BART, producing both a knowledge identifier
and a response simultaneously. To address BART’s
input length limitation, a pre-trained DistilBERT
(Sanh et al., 2020) is utilized to select the relevant
document, and the knowledge from that document
is subsequently fed into BART.

Our method can be applied to many pre-trained
knowledge-grounded response generation mod-
els without additional training or modifying their
mechanisms, and the descriptions of SPI and
GenKS above are presented in a concise manner.

4.3 Ablation Models

To evaluate the impact of each component of the
proposed method, experiments were conducted us-
ing three ablation models.

* w/o Knowledge Filtering (- w/o KF): The
knowledge filtering step was omitted from the
proposed method, leading to the selection of
the top three knowledge candidates based on
their contextual relevance scores.

* w/o Knowledge Reranking (- w/o KR): The
knowledge reranking step was eliminated

from the proposed method. The knowledge
candidates were ordered solely by their con-
textual relevance scores.

* w/o Dialogue Breakdown Detection (- w/o
DBD): The dialogue breakdown detection
step was removed from the proposed method.
The top-ranked knowledge candidate was al-
ways selected, and the generated response was
retained.

4.4 Evaluation Metrics

Automatic Evaluation We use the accuracy
(ACC) score, which is the proportion of the num-
ber of correct knowledge selections to the total
number of knowledge selections, to evaluate the
knowledge selection performance. Additionally,
we employ perplexity (PPL) of the ground-truth
responses, unigram F1 (F1) (Dinan et al., 2019),
BLEU-4 (Papineni et al., 2002), ROUGE-2 (Lin,
2004), and distinct score (Dist-2) (Li et al., 2016).
These metrics are referred to as reference-based
metrics.

Moreover, we adopt G-Eval (Liu et al., 2023) and
MEEP (Ferron et al., 2023), which are reference-
free metrics using LLM. G-Eval was used to eval-
uate the fluency (Flu.), coherence (Coh.), infor-
mativeness (Inf.), and interestingness (Int.) of the
responses on a five-point Likert scale. MEEP eval-
uates response engagement on a scale of 0 to 100,
with higher scores indicating higher engagement.
Here, interestingness indicates the potential attrac-
tion of the information itself to a user, whereas en-
gagement indicates how actively a user is involved
in the dialogue. These metrics are referred to as
LLM-based metrics. The LLM used was GPT-4o.

Human Evaluation A/B tests of the proposed
method were conducted, comparing it with the base
model and each of the three ablation models. For
each pair of models, 100 cases were randomly
selected from the different responses generated.
The crowdsourcing site Amazon Mechanical Turk
(AMT)* was used to evaluate the responses, with
three annotators for each response. The same eval-
uation metrics were adopted as those used during
the evaluation with G-Eval, which was rated on a
five-point Likert scale. Appendix A.5 provides a
detailed description of the crowdsourcing process.

4https: //www.mturk. com
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Reference-based LLM-based

Data Models
ACCt PPL| FI{ BLEU-4f ROUGE-2{ DIST-2t Flu. Coh. Inf. Int. MEEP
SPI 0359 17.12 22.69  7.68 8.82 4093 434 356 3.05 248 60.10
Ours (SPI) 0295 17.64 2165  6.77 7.89 4175 450 3.84 303 255 6225
- wlo KF 0210 1854 2035  5.90 6.79 40.69 449 382 3.04 2.60 62.93
- wlo KR 0318 17.46 22.14  7.05 8.29 4212 451 387 301 248 61.57
~w/oDBD 0317 17.64 2152  7.09 8.00 30.12 428 345 3.06 2.61 60.95
Seen ek 0346 1329 23.99  4.40 9.82 38.06 450 383 307 257 59.59
Ours (GenKS) 0.286 1320 2343  4.00 9.33 3779  4.58 3.98 3.10 2.62 61.89
- wlo KF 0210 1348 22.13 346 8.40 36.88 457 398 3.2 2.68 63.71
- wlo KR 0302 1313 23.55  4.07 9.45 3795 458 4.00 3.07 258 61.44
~wioDBD 0312 1337 2347 426 9.52 3755 448 378 3.10 2.64 60.93
SPI 0346 19.11 22.01  7.30 8.52 2427 435 355 306 248 5941
Ours (SP) 0281 1949 2122  6.66 781 25.10 451 3.85 3.02 254 62.13
- wlo KF 0.193 2049 1940  5.64 6.47 2483 450 380 3.04 2.58 62.46
- wlo KR 0299 1930 21.54  6.89 8.11 2515 452 389 301 247 6144
~wioDBD 0309 1949 2101 679 7.80 2229 429 344 3.07 2.61 60.78
Unseen = kS 0369 1322 2433 483 10.06 2120 449 383 305 258 59.39
Ours (GenKS) 0305 1328 2341  4.08 9.21 21.84 459 401 3.08 2.62 61.60
- wlo KF 0220 13.64 2189 336 7.97 2095 459 400 3.6 270 64.37
- wlo KR 0320 13.18 23.88 435 9.57 2191 459 4.02 3.05 2.58 61.03
~wioDBD 0340 1340 2344 433 9.35 2055 446 377 3.08 2.65 60.72

Table 1: Automatic evaluation results on WoW test data. ACC denotes the accuracy of knowledge selection, PPL
indicates perplexity, F1 represents token unigram F1, and DIST-2 refers to distinct-2. The best results are highlighted
with bold, and the second-best results are highlighted with underline.

4.5 Implementation Details

SPI and GenKS were trained on the WoW train data
using the parameters published in their respective
papers (Xu et al., 2023b; Sun et al., 2023).

In SPI, a score is generated for each knowledge
during inference, with the knowledge having the
highest score selected to formulate the response.
Therefore, when using SPI as the base model for the
proposed method, we utilize this score as the con-
text relevance score. Conversely, GenKS conducts
knowledge selection by generating a knowledge
identifier token using BART. Consequently, we use
the output probability for the knowledge identifier
token from BART as the context relevance score.
Furthermore, we control the knowledge selection
by regulating BART’s output vocabulary.

The GPT-40 parameters were set to n = 5,
temperature = 1 when assigning trivia scores
to knowledge, and n = 1, temperature = 0 when
detecting dialogue breakdowns in responses.

S Results and Analysis

5.1 Automatic Evaluation

Table 1 presents the results of the automatic evalu-
ation. We used the published model without addi-
tional training and therefore report results from a

single run result. Compared to the base models, our
method exhibits lower performance on reference-
based metrics. This decline stems from its focus
on selecting interesting knowledge from a pool of
highly relevant candidates, prioritizing user engage-
ment and dialogue coherence over strict contextual
appropriateness. Consequently, knowledge selec-
tion accuracy decreases. Metrics such as BLEU and
ROUGE, which assess the similarity between gen-
erated and reference responses, are negatively af-
fected by this decline in accuracy, leading to lower
scores. These metrics are insufficient for assessing
the appropriateness of a response to a context, as
they do not account for situations where multiple
responses may be equally appropriate within the
dialogue context.

Meanwhile, LLM-based metrics such as G-Eval
and MEEP indicated that our method substantially
outperformed the base models in overall response
quality. Reportedly, these metrics correlate more
closely with human judgment than reference-based
metrics and exhibit a high reliability (Liu et al.,
2023; Ferron et al., 2023). These findings imply
that our approach effectively enhances response
consistency and interestingness.

Furthermore, ablation studies confirmed that
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Figure 3: Human evaluation results. The upper and
lower bars indicate Seen and Unseen data, respectively.

each component of our method contributed to im-
proving response quality. In particular, knowl-
edge reranking especially enhanced response in-
terest, whereas dialogue breakdown detection im-
proved response consistency. In addition, when
knowledge filtering is removed from the pro-
posed method, response quality remains largely
unchanged, but knowledge selection accuracy de-
clines significantly. Notably, our method achieves
a balanced improvement in both consistency and
interestingness.

5.2 Human Evaluation

Figure 3 presents the results of the human evalua-
tion. The experimental results confirmed that mod-
els incorporating the proposed method maintain
fluency but slightly reduce informativeness com-
pared to the base models. This occurs because the
model generates a response without using knowl-
edge when all knowledge candidates are judged to
cause a dialogue breakdown in our approach. How-
ever, notable improvements are observed in the met-
rics of coherence and interestingness. These results
indicate that the proposed method effectively gener-
ates consistent and engaging responses by selecting
coherent, interesting knowledge and detecting dia-
logue breakdowns. Appendix A.6 provides human
evaluation results comparing our model with each
ablation model.

5.3 Trivia Score Prediction Performance

To validate the performance of the proposed
method in predicting the trivia score, GPT-40’s pre-
dictions were compared with human assessments.
One hundred dialogues each were extracted from
the Seen and Unseen data. Three annotators as-
signed a trivia score to each knowledge from the
dialogues using the crowdsourcing platform AMT.
Fleiss’ kappa was calculated to assess the agree-
ment among the human annotators. A Fleiss’s
kappa value of 0.115 indicated that perceptions
of the interestingness of knowledge vary based
on an individual’s knowledge, interests, and ex-
periences, making it challenging to accurately pre-
dict trivia scores. The average of the three human
trivia scores for each knowledge was calculated and
compared with GPT-40’s average predictions using
Spearman and Kendall-Tau correlation. A Spear-
man correlation of 0.459 and a Kendall-Tau corre-
lation of 0.368 suggested a moderate correlation
between GPT-40’s predictions and human scores,
despite the challenges in predicting trivia scores.
Reportedly, the proposed method effectively pre-
dicts trivia scores, even when human annotators
have differing opinions on knowledge interesting-
ness.

5.4 Dialogue Breakdown Detection
Performance

To validate the dialogue breakdown detection com-
ponent of the proposed method, we conduct a bi-
nary classification task to determine whether or
not a dialogue breakdown has occurred. We used
the test data of Dialogue Breakdown Detection
Challenge 5 dataset (DBDC5)? (Higashinaka et al.,
2019). Appendix A.7 provides a detailed descrip-
tion of the dataset and the experimental setup. We
compare the accuracy (ACC) and F1 score of GPT-
3.5-turbo, GPT-40-mini, and GPT-40 in the zero-
shot setting. Table 2 exhibits the dialogue break-
down detection performance. The results confirm
that GPT-40 outperforms the other models in terms
of both accuracy and F1 score. Additionally, the
overall performance of dialogue breakdown detec-
tion is high. These findings suggest that the pro-
posed method is effective in detecting dialogue
breakdowns and regenerating responses as neces-
sary to ensure coherence.

5https: //chateval.org/dbdc5
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Models ACC F1

GPT-3.5-turbo  0.677 0.802
GPT-40-mini 0.771 0.849
GPT-40 0.816 0.864

Table 2: Dialogue breakdown detection performance.
The best results are highlighted with bold.

6 Conclusion

In this research, we propose a method that enhances
existing knowledge-grounded response generation
models by modifying the knowledge selection pro-
cess during inference. The proposed method selects
knowledge that is highly relevant to the dialogue
context, reranks it based on its interesting level,
and employs dialogue breakdown detection on the
generated responses to ensure coherence and en-
gagement. The experiments demonstrate that the
implementation of the proposed method results in
the generation of consistently informative and en-
gaging responses.

Limitations

This study has several notable limitations. First,
our method requires that a high-performance model
with high knowledge selection accuracy be used as
the base model. Our method requires accurately
estimating the relevance of each knowledge to the
dialogue context during the knowledge filtering
process. Improved estimations could significantly
enhance the proposed method’s effectiveness.

Moreover, acknowledging that different individ-
uals perceive interest differently is crucial. As dis-
cussed in Section 5.3, humans agree less while
judging topics of interest. Even if a model iden-
tifies knowledge as interesting and incorporates it
into a response, the response may not be engaging
for all users. This study focused on knowledge
that is unique and less widely known. Future re-
search should deeply explore individual differences
in interest and develop methods adaptable to users’
personalities and preferences.

Ethical Considerations

In our experiments, we used the WoW dataset
and the models SPI and GenKS. These datasets
and models are publicly available, do not contain
any personally identifiable information or offen-
sive content, and do not raise any potential ethical
concerns. However, we employed an LLM to pre-
dict trivia scores and detect dialogue breakdowns,

which may introduce ethical considerations. An
LLM could mistakenly classify offensive knowl-
edge as interesting, potentially leading to the gen-
eration of inappropriate responses. While the pro-
posed method can incorporate any external knowl-
edge, careful consideration is required when select-
ing both the knowledge source and the LLM to
ensure ethical and responsible usage.
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A Appendix

A.1 Knowledge Filtering Procedure

In the knowledge filtering step, the three cases
(Confident, Undecided, and Unclear) are catego-
rized using the following procedure. Given a set
of knowledge K = {ki,...,kas}, where each
knowledge k; has an associated contextual rele-
vance score c;, the knowledge are sorted in de-
scending order by c¢;.

K =k,...,kyy where ¢ >...>¢cy 2
Here, K’ represents the sorted list of knowledge.
Next, the softmax function is applied to the knowl-
edge scores to obtain the knowledge selection prob-
abilities:

<
s; = Softmax(c;) = LC,
j=1€"

Vi=1,...,M
(3)

A is defined as the sum of the top three softmax
scores:

“4)

When A is high, it indicates that the top three
knowledges are highly relevant to the dialogue con-
text. B is defined as the ratio of the highest softmax
score to the sum of the top three softmax scores:

/
S
B=_—3—
i=15;

&)

A high value of B suggests that the highest score is
considerably greater than the others. C' is defined
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as the ratio of the second-highest softmax score to
the highest softmax score:

— (6)

A low value of C affirms that the difference be-
tween the top two scores is significant. Finally, the

cases are classified into three categories based on
the values of A, B, and C:

Confident if (A>aAB>p)VC <y
Undecided elseif A >§
Unclear otherwise

(N
where «, (3, v, and § are hyperparameters.

A fixed number of knowledge candidates K, =
{k},...,kp} are retrieved based on the identified
cases. Here, F' represents the number of knowledge
candidates.

* Confident: Only the knowledge with the high-
est score k] is selected.

* Undecided: If there is a significant differ-
ence between the second and third knowledge
scores, then the third knowledge is less suit-
able for the next response. D is defined as

D = j—%, the ratio of the third highest soft-
2

max score to the second highest. If D > e,
then the top two knowledges are selected, &}
and k). Otherwise, we select the top three
knowledges, k1, k5, and kf are selected.

* Unclear: Knowledge candidates are selected
in order of their scores until the cumulative
score reaches (.

Here, € and ( are hyperparameters. These hyperpa-
rameters are determined through preliminary anal-
ysis in Appendix A.2.

A.2 Preliminary Analysis and
Hyperparameter Decision

To determine the hyperparameters for the knowl-
edge filtering in the proposed method, a preliminary
analysis was conducted focusing on the trends of
knowledge contextual relevance scores for SPI and
GenKS while using WoW validation data.

Figure 4 illustrates the relationship between
knowledge selection accuracy, the sum of the top
three knowledge softmax scores (Equation 4), and
the ratio of the highest softmax score to the sum
of the top three softmax scores (Equation 5) as a
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Figure 4: The relationship between knowledge selection accuracy and the sum of the top three knowledge softmax
scores and the ratio of the highest softmax score to the sum of the top three softmax scores.

three-dimensional graph. From this graph, it is evi-
dent that higher values for both the sum of the top
three knowledge softmax scores and the ratio of the
highest softmax score to the sum of the top three
softmax scores contributed positively to knowledge
selection accuracy.

Figure 5 further illustrates the relationship be-
tween knowledge selection accuracy and the ratio
of the second-highest softmax score to the high-
est softmax score (Equation 6). The graph shows
that lower values for this ratio, combined with a
significant difference between the maximum score
knowledge and the second-highest score, were as-
sociated with an increased knowledge selection

accuracy.

Based on this analysis, it was concluded that
using these scores for three cases of division in
knowledge filtering was effective. Consequently,
hyperparameters were established based on these
results.

When SPI was utilized as the base model for
our approach, the hyperparameters were o = 0.6,
8=06,7v=05,§=0.4,¢=0.5,and ( = 0.6.
Similarly, GenKS was utilized, the hyperparame-
ters were a = 0.8, 8 = 0.8, v = 0.3, § = 0.65,
€ =0.5,and ( = 0.6.
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Figure 5: The relationship between knowledge selection accuracy and the ratio of the second-highest softmax score

to the highest softmax score.

A.3 Trivia Score Prediction

During the knowledge reranking process, a trivia
score was assigned to each knowledge using GPT-
40. Table 3 presents an example prompt for trivia
score prediction. The model was provided with
a topic (i.e., the title of the Wikipedia article con-
taining the information) and corresponding knowl-
edge, and it produced a trivia score of “Not Trivia,”
“Trivia,” or “Good Trivia” with reasoning. These
labels were mapped to scores of 0, 1, and 2. Five
estimates are made for each knowledge, and the
average score represents its trivia score.

Table 4 shows an example of trivia scores as-
signed to knowledge about archery. The knowledge
regarding the oldest signs of archery received the
highest trivia score, implying that it is considered
an interesting fact that is unusual, unexpected, or
unique.

A.4 Dialogue Breakdown Detection

Table 5 presents an example prompt for dialogue
breakdown detection. By providing instructions,
a dialogue topic, dialogue history, and the gener-
ated response as input, the model performed binary
classification to determine whether the response
caused a dialogue breakdown. The model outputs
the reasoning behind the classification and assigns
the label “Dialogue Breakdown” or “Not Dialogue
Breakdown.” Dialogue breakdown refers to a sit-
uation in which users are unable to continue the
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conversation (Martinovski and Traum, 2003).

A.5 Crowdsourcing

We used Amazon Mechanical Turk (AMT) to col-
lect annotations for trivia score annotation and re-
sponse evaluation. To ensure high-quality annota-
tions, we required workers to meet the following
qualifications: at least 500 approved Human Intel-
ligence Tasks (HITs) and an approval rate of 95%
or higher. Additionally, annotators must be located
in Australia, Canada, Ireland, New Zealand, the
United Kingdom, or the United States. We grouped
20 samples as a HIT and compensated crowdwork-
ers with $2.50 per HIT.

The issue of low worker quality on AMT, where
many workers complete tasks inadequately, has
been widely referenced (Marshall et al., 2023;
Dupuis et al., 2022; Kaplan et al., 2018; Péer et al.,
2013; Agley et al., 2021). Given the high volume
of submissions, manually reviewing all work is im-
practical. Moreover, variations in individual judg-
ment can complicate the evaluation of trivia scores
and response quality.

To address these challenges, we developed a set
of objective tests to assess whether workers are
completing their tasks correctly. These tests were
designed to minimize subjective variation in eval-
uations. A HIT was approved only if all included
tests were satisfactorily completed. This approach
ensured data quality, promoted higher standards



Prompt

it Task ###
You will be given a topic and one piece of knowledge related to that topic.

Your task is to classify this piece of knowledge into one of three labels based on its level of interestingness:

Good Trivia, Trivia, or Not Trivia.

The definitions for each label are as follows:

- Good Trivia: The knowledge is an interesting fact that is unusual, unexpected, or unique.
- Trivia: The knowledge is not the interesting fact that is unusual, unexpected, or unique.

- Not Trivia: The knowledge is a common, expected, or irrelevant fact.

Provide the reasoning for your classification, and then output the label at the end.

Start with ### Reason ### and provide a clear explanation for your classification decision,
detailing why the knowledge falls into the selected category.

End with ### Label ### followed by the chosen label (Good Trivia, Trivia, or Not Trivia).

#i# Topic ##H#
Archery

### Knowledge ###

The oldest signs of its use in Europe come from the in the north of Hamburg,
Germany and dates from the late Paleolithic, about 10,000-9000 BC.

### Reason ###

The fact that the oldest known evidence of archery usage in Europe dates back to the late Paleolithic era in the north

of Hamburg, Germany, is noteworthy. It links the practice of archery to a specific prehistoric time and location,
providing insight into the early development and spread of bow and arrow technology. This adds an interesting historical
dimension, highlighting the ancient roots of archery, which is not commonly known by the general public.

The specificity of the location and era makes it stand out as unusual and unexpected, which qualifies it as a Good Trivia.

### Label ###
Good Trivia

Table 3: An example prompt for trivia score prediction. The highlights show the passages generated by GPT-40.

Knowledge Trivia Score
Archery is the sport, practice or skill of using a bow to propel arrows. 0.0
The word comes from the Latin “arcus”. 0.6
Historically, archery has been used for hunting and combat. 0.0
In modern times, it is mainly a competitive sport and recreational activity. 0.0
A person who participates in archery is typically called an archer or a “bowman”, and a person

. . . o 1.6
who is fond of or an expert at archery is sometimes called a toxophilite.
The bow and arrow seems to have been invented in the later Paleolithic or early Mesolithic periods. 0.8
The oldest signs of its use in Europe come from the in the north of Hamburg, Germany and dates from 20
the late Paleolithic, about 10,000-9000 BC. ’
The arrows were made of pine and consisted of a main shaft and a long fore shaft with a flint point. 1.0
There are no definite earlier bows; previous pointed shafts are known, but may have been launched by 14
spear-throwers rather than bows. ’
The oldest bows known so far come from the Holmegérd swamp in Denmark. 1.8
Bows eventually replaced the spear-thrower as the predominant means for launching shafted projectiles,
on every continent except Australasia, though spear-throwers persisted alongside the bow in parts of 1.8

the Americas, notably Mexico and among the Inuit.

Table 4: Example of trivia scores assigned to knowledge about archery.

in the dataset, and enhanced the reliability of the
trivia scores and response evaluations collected
from AMT workers.

A.5.1 Trivia Score Annotation

Figure 6 shows the annotator instruction and an

example of the interface for trivia score annotation.

Given a keyword, a keyword description, and a
knowledge, the annotator is asked to assign a trivia
score to the knowledge.
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A.5.2 Human Evaluation

Figure 7 illustrates the annotator instruction and
interface for human evaluation. Given a dialogue
topic, a dialogue history, two responses generated
by different models, the annotator is asked to se-
lect the better response for each metrics: Fluency,
Coherence, Informativeness, and Interestingness.



Prompt

##H Task ###

You will be given a dialogue history between Speaker A and Speaker B, along with a response that follows it.
Your task is to classify the response into one of two labels: Dialogue Breakdown or No Dialogue Breakdown.
Dialogue Breakdown refers to a situation where the flow of conversation becomes unnatural or incoherent.
Provide the reasoning for your classification, and then output the label at the end.

Start with ### Reason ### and provide a clear explanation for your classification decision,

detailing why the response falls into the selected category.
End with ### Label ### followed by the chosen label (Dialogue Breakdown or Not Dialogue Breakdown).

### Dialogue Topic ###
Blue

### Dialogue History ###
Speaker B: Blue is my favorite primary color.
Speaker A: Blue is always nice. I like royal blue.

Speaker B: I once road on The Royal Blue train from New York to D.C
Speaker A: Oh that sounds really nice. I bet there was a lot of scenery and blue skies.

### Response ###

The clear daytime sky and the deep sea appear blue because of an optical effect known as Rayleigh scattering.

#i## Reason ###

The response from Speaker B introduces a scientific explanation about why the sky and sea appear blue,

which is related to the topic of "blue".

However, it does not directly connect to the previous part of the conversation,

which was about the experience of riding The Royal Blue train and the scenery observed during the trip.

The response shifts the focus from a personal experience to a scientific explanation without a clear transition

or connection to the previous statements. This abrupt change in topic can disrupt the natural flow of the conversation,
making it feel disjointed and causing a dialogue breakdown.

### Label ###
Dialogue Breakdown

Table 5: An example prompt for dialogue breakdown detection. the highlights show the passages generated by

GPT-4o.

A.6 Human Evaluation for Ablation Models

Figure 8 and Figure 9 present the human eval-
uation results for the ablation models compared
to SPI and GenKS with our approach. The ex-
perimental results indicate that knowledge rerank-
ing significantly enhanced response interest, while
dialogue breakdown detection significantly im-
proved response consistency. In addition, when
knowledge filtering was removed from the pro-
posed method, response quality remained largely
unchanged, but knowledge selection accuracy de-
clined significantly, as shown in Table 1. Notably,
our method achieved a balanced improvement in
both consistency and interestingness.

A.7 Dialogue Breakdown Detection
Experiments

DBDCS5 was created to detect whether a system
utterance will lead to a dialogue breakdown within
a given dialogue context. This dataset comprises
dialogues between the system and humans, with
each system utterance labeled by 30 annotators us-
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ing three dialogue breakdown labels: “breakdown”,
“possible breakdown”, and “not a breakdown.” In
the current study, dialogue breakdown detection
was performed to eliminate contextually inappro-
priate responses. Thus, “breakdown’ and “possible
breakdown” were combined into a single category,
treating both as breakdowns. Each utterance was
assigned a label based on the majority vote between
the “breakdown” and “not a breakdown” categories,
effectively converting the task into a binary classifi-
cation problem distinguishing between breakdown
and non-breakdown instances.

A.8 Knowledge Filtering Analysis

The proposed method performed knowledge filter-
ing to ensure that only contextually relevant knowl-
edge was utilized for generating appropriate re-
sponses. This filtering divided knowledge selec-
tion into three cases, namely, confident, uncertain,
and unknown, and filtered knowledge based on the
quantity appropriate to each case.

In this section, we analyze the validity of this



Please classify the sentence for the keyword as good trivia, trivia, or not tirivia.

« There are 12 questions.

« Each question has a keyword, keyword Description, and a sentence, so read them all carefully.
« Select the option that applies to the sentence.

« Click one of the submit buttons to finish answering

Option Description
+ Select "Good Trivia" if given sentence is an interesting fact that is unusual, unexpected, or unique.
(Example)
Keyword: Gorilla

Keyword Description: Gorillas are herbivorous, predominantly ground-dwelling great apes that inhabit the tropical forests of equatorial Africa.
Sentence: The blood type of all gorillas is B.

Select "Trivia" if given sentence is not interesting fact, but that is unusual, unexpected, or unique.

(Example)

Keyword: Karate

Keyword Description: Karate, also karate-do is a martial art developed in the Ryukyu Kingdom.

Sentence: Karate was brought to Japan in the early 20th century during a time of migration as Ryukyuans, especially from Okinawa, looked for work in Japan.

Select "Not Trivia" if given sentence is common, expected, normal, irrelevant information.

Also select if given sentence is the same as the description or irrelevant to the keywords.

(Examplel)

Keyword: Cheeseburger

Keyword Description: A cheeseburger is a hamburger with a slice of melted cheese on top of the meat patty, added near the end of the cooking time.
Sentence: A cheeseburger is a hamburger with a slice of melted cheese on top of the meat patty, added near the end of the cooking time. (Example2)
Keyword: Football

Keyword Description: Football is a family of team sports that involve, to varying degrees, kicking a ball to score a goal.

Sentence: An apple is a round, edible fruit produced by an apple tree.

ANotes

« You cannot submit unless you answer all 12 questions.

« Work not in accordance with the above instructions will be disapproved.
« The collected data may be made public at a later date.

+ Only those who agree to these should work on this task.

(0 Have you checked?

Question1

Keyword: The Beach Boys

Keyword Description: The Beach Boys are an American rock band formed in Hawthorne, California, in 1961.

Please classify the sentence for the keyword as good trivia, trivia, or not trivia. &

Select an option

Sentence: The band drew on the music of jazz-based vocal groups, 1950s rock and roll, and black R&B to create their unique

sound, and with Brian as producer, composer, and de facto leader, they pioneered novel approaches to popular music form Good Trivia !
and production Trivia 2
Not Trivia N

Figure 6: The annotator instruction and an example of the interface for trivia score annotation.

Please compare the quality of each response based on the provided dialogue history and criteria.

There are 22 tasks.

For each task, you will be given the dialogue history between the user and the assistant, the dialogue topic, and Response A and Response B of the assistant.
If the dialogue context is blank, it means the response is at the beginning of the dialogue.

Please read through all of them carefully.

Compare Response A and Response B based on the four evaluation criteria.

For each criterion, select the response that is superior.

You must choose one of the following options for each criterion: Response A, Response B, or Tie (if both responses are equally good).

An example is provided before the tasks, so please read that carefully as well.

When you have finished, please click the 'Submit' button to submit your work.

Evaluation Criteria

Fluency: The response is grammatically correct and well-structured.

Coherence: The response logically follows from the previous conversation or prompt.

Fluency focuses on the grammatical correctness of a response, whereas coherence focuses on the logical flow and relevance of the response within the
conversation.

Informativeness: The response provides relevant information that adds value to the conversation.

Interestingness: The response captures attention and engages the user by introducing novel or intriguing ideas.

Informativeness focuses on the amount of information provided, whereas interestingness focuses on how engaging the response is to the user.

ANotes

* Please make sure to answer all questions before submitting.
« The collected data may be made public at a later date. Only those who agree to this should work on this task.
« Any work that does not align with the instructions will not be approved.

Figure 7: The annotator instruction and interface for human evaluation.
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Figure 8: Human evaluation results for the ablation mod-
els compared to SPI with our approach. The upper and
lower bars indicate Seen and Unseen data, respectively.

division and its effectiveness in filtering knowl-
edges that are contextually relevant for generating
the next response. In the confident case, a single
knowledge item was deemed contextually appropri-
ate; in the undecided case, two or three knowledge
items were deemed contextually appropriate; and
in the unclear case, most knowledge items were
deemed contextually appropriate. Therefore, if the
filtering process based on these categories is effec-
tive, then we would expect to observe significant
differences in knowledge selection accuracy across
the three cases.

To validate this, we compared the knowledge
selection accuracy for each of the three cases using
both SPI and GenKS on WoW test data. Figure
10 depicts the knowledge selection accuracy for
each case using both SPI and GenKS. The results
revealed a clear disparity in accuracy across the
three cases for both models. This indicated that
the division into three cases and the corresponding
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e
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Inf.

Int.
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18.3% 64.0% 17.7%
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e
48.7% 10.6% 40.7%

56.7% 9.6% 33.7%

e

52.0% 9.0% 39.0%
59.0% 9.3% 31.7%

Ours vs. - w/o DBD
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e
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Figure 9: Human evaluation results for the ablation
models compared to GenKS with our approach. The
upper and lower bars indicate Seen and Unseen data,
respectively.

filtering of selected knowledge were effective.

To validate the number of knowledge candidates
selected for each case, we also compared the re-
call@k for each. Since GenKS performed docu-
ment selection first and then selected knowledge
from within those documents, it was impossible
to calculate recall@k for GenKS. Therefore, we
conducted the analysis using only SPI. Figure 11
shows the recall@k for each of the three cases
using the SPI. From these results, we observed
that the values for Confident’s Recall@1, Unde-
cided’s Recall@3, and Unclear’s Recall @10 were
roughly the same. This suggested that the number
of knowledge candidates in each case was appropri-
ate and that the filtering process effectively isolated
knowledge candidates with high relevance to the
conversation.
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Figure 10: Knowledge selection accuracy for each case
using SPI and GenKS on WoW test data. The numbers
at the base of the bar graph represent the number of data
points corresponding to each case, while the values at
the top of the bars indicate accuracy.
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Figure 11: Recall @k for each case using SPI on WoW
test data.

A.9 Case Study

Table 6 and Table 7 display the cases from the test
data of WoW, comparing the generated responses
of SPI and GenKS with our approach. In the case
of Table 6, SPI selected a general fact about France
with a low trivia score, whereas Ours (SPI) chose a
detailed explanation of the etymology of the word
“blonde” with a high trivia score. Consequently,
SPI generated an incoherent and less engaging re-
sponse to the dialogue context, while Ours (SPI)
produced a more coherent and engaging response
by selecting knowledge that is both contextually
relevant and interesting. In the case of Table 7,
both GenKS and Ours (GenKYS) selected interest-
ing knowledge about Pittsburgh with high trivia
scores. Although GenKS chose knowledge with a
higher trivia score, its generated response was less
engaging and coherent. On the other hand, Ours
(GenKS) employed dialogue breakdown detection
to filter out out-of-context responses, resulting in
responses that were both coherent and engaging.
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Topic Blond
User To be honest, I am more attracted to blonde hair than brown or dark.

I am not really knowledgeable about its scientific aspect,

Dialogue - ST butthere is something in it that makes me feel compelled to s beauy.
History System I know a lot about it, strangely. There’s a Fischer-Scale that ranges from A to O,
’ light blonde to dark blonde. Mine is an A shade.
“User Ttis very interesting to know about the evolutionary reasoning behind blond hair.” =~ =~ =~
" System ~  The term blonde was first used in 1481 from old French "blund".~ ~
) ;Jsieri ~ = T will not be surprised if its history is tied to France as this country along with ~ ~ ~ ~
its people are considered romantic.
France, officially the French Republic, is a country whose territory consists of metropolitan
SPI France in western Europe, as well as several overseas regions and territories.
Selected - — — — _ _ _ lMviaScore:001 .
Knowledge Some linguists say it comes frqm Medieval Lat%n "blundus”, meaning "yellow", '
Ours (SPI) from Old Frankish "blund" which would relate it to Old English "blonden-feax" meaning
‘ "grey-haired", from "blondan/blandan" meaning "to mix" (Cf.
[Trivia Score: 1.8]
SPI France is a country whose territory consists of metropolitan France in western Europe.
Response © " Some linguists say it comes from Medieval Latin "blundus”, meaning "yellow", =~~~

Ours (SPI)  from Old Frankish "blond" which would relate it to Old English "blondeen-feax" meaning
"grey-haired", from "blondsan/blandan" meaning to mix.

Table 6: One case from test data of WoW, comparing the generated responses of SPI and Ours (SPI).

Topic Pittsburgh
User Do you know about Pittsburgh?
; gy; tgn: ~ " 7 Yes! I'moriginally from Pittsburgh! Go Steelers! Pittsburgh is located in~ ~ ~~ ~ ~ ~

Allegheny County, Pennsylvania.

Dialogue - == - = - = - = & % 6es. The Ohio, Monongahela and ihe Allegheny! The converge downtown and ~
History System

there’s a beautiful park at that spot, Point State Park.

Yes it is. Even though Pittsburgh looks like a big city, it’s population within the city
limits is only 305,704 making Pittsburgh only the 63rd largest in the US.

User Pittsburgh is kidsburgh!

For part of the 20th century, Pittsburgh was behind only New York and Chicago in
corporate headquarters employment;
it had the most U.S. stockholders per capita.

Selected [Trivia Score: 2.0]
Knowledge =~~~ Located at the confluence of the Allegheny, Monongahela, and Ohio rivers, Pittsburgh is -
known as both "the Steel City" for its more than 300 steel-related businesses, and as
the "City of Bridges" for its 446 bridges.

[Trivia Score: 1.4]

I’'m not sure I'd like to visit there. I know they make a lot of steel there,

Response but I’m sure they also make a ton of other things too.

7777777777 i e e g Nt Sl B S e D N S
Ours (GenKS) Pittsburgh is a great city! It’s known as the "Steel City" for its more than 300 steel

related businesses and is also known as "the City of Bridges" for having 446 bridges.

Table 7: One case from test data of WoW, comparing the generated responses of GenKS and Ours (GenKS).
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