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Abstract

The filter bubble is a notorious issue in Recommender Sys-
tems (RSs), which describes the phenomenon whereby users
are exposed to a limited and narrow range of information
or content that reinforces their existing dominant preferences
and beliefs. This results in a lack of exposure to diverse and
varied content. Many existing works have predominantly ex-
amined filter bubbles in static or relatively-static recommen-
dation settings. However, filter bubbles will be continuously
intensified over time due to the feedback loop between the
user and the system in the real-world online recommendation.
To address these issues, we propose a novel paradigm, Multi-
Facet Preference Learning for Pricking Filter Bubbles in Con-
versational Recommender System (FacetCRS), which aims to
burst filter bubbles in the conversational recommender system
(CRS) through timely user-item interactions via natural lan-
guage conversations. By considering diverse user preferences
and intentions, FacetCRS automatically model user prefer-
ence into multi-facets, including entity-, word-, context-, and
review-facet, to capture diverse and dynamic user prefer-
ences to prick filter bubbles in the CRS. It is an end-to-end
CRS framework to adaptively learn representations of vari-
ous levels of preference facet and diverse types of external
knowledge. Extensive experiments on two publicly available
CRS-based datasets demonstrate that our proposed method
achieves state-of-the-art performance in mitigating filter bub-
bles and enhancing recommendation quality in CRS.

Introduction

Conversational Recommendation Systems (CRSs) have
emerged as powerful tools for providing personalized rec-
ommendations through natural language conversations and
dialogue interactions (Qin et al. 2023; Li et al. 2023a;
Mishra, Priya, and Ekbal 2023), which are broadly adopted
in various domains, including online e-commerce (Liu
et al. 2023), music recommendation (Epure and Hennequin
2023), health counseling (Wahbeh et al. 2023), etc. How-
ever, CRSs frequently encounter the challenge of filter
bubbles, wherein users are consistently presented with a
restricted range of information and suggestions that are
aligned with their dominant preferences throughout their in-
teractions with the system (Gao et al. 2022). Therefore, it is
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crucial to prick filter bubbles for improving performance of
the CRS:s.

Recently, many research efforts have been dedicated to
exploring filter bubbles in offline recommendation with-
out considering user-item interactions (Hussein, Juneja, and
Mitra 2020; Liu et al. 2021; Nguyen et al. 2014; Ribeiro
et al. 2020; Spinelli and Crovella 2020; Tomlein et al.
2021). These offline recommendation approaches primarily
focus on investigating the underlying causes of filter bub-
bles. Through extensive experiments conducted on large-
scale recommender systems, two primary factors have been
discovered. The first primary factor is that users with less
diverse preferences are more susceptible to becoming en-
trapped within filter bubbles. Another primary factor is that
the learning mechanisms employed by the recommender
amplify the filter bubble phenomenon as they tend to pri-
oritize and accentuate a user’s dominant interests. Although
these studies provide valuable insights into the phenomenon
of filter bubbles, they have not adequately addressed the neg-
ative impacts of the feedback loop between the user and the
system on the exacerbation of filter bubbles. More recently,
Gao et al. (Gao et al. 2022) have made attempts to mitigate
filter bubbles in Interactive Recommender Systems (IRSs)
by incorporating user-system interactions over time through
offline reinforcement learning, but this strategy cannot allow
users to interact with the system through natural language to
express their true thoughts.

Despite their effectiveness, most existing methods still
suffer from two major limitations: 1) Interactive Strategy.
Most methods primarily focus on addressing filter bubbles
in offline recommendations in the static settings while over-
looking the effect of the user-system feedback loop on filter
bubbles. In reality, filter bubbles will be exacerbated when
the user chats with the system over time (Steck 2018; Gao
et al. 2022). Even though a recent study CIRS (Gao et al.
2022) has emerged to combat filter bubbles interactively, its
interaction strategy remains limited largely to rigid and sin-
gle forms (e.g., click or skip, like or dislike). This fails to al-
low users to express their diverse, dynamic, and complicated
preferences via natural language utterances, making it not
applicable to real-world conversational recommendations.
2) Preference Exploration. Most previous works (Hussein,
Juneja, and Mitra 2020; Liu et al. 2021; Nguyen et al. 2014;
Ribeiro et al. 2020) have found that modeling users’ diverse
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preferences can effectively prick filter bubbles. Based on this
foundation, many methods strive to learn multi-level prefer-
ences to alleviate the filter bubble problem. But these ap-
proaches heavily rely on a limited set of sparse data sources
such as historical user-item interactions, interest tags, and
implicit and explicit ratings, in which a large portion of the
available entries are empty or missing. This reliance on ho-
mogeneous and sparse data poses a significant limitation in
excavating diverse and personalized preferences as it is still
restricted by past preferences. Thus, it is hard to prevent fil-
ter bubbles from these scarce data sources.

To address these problems, we propose a novel frame-
work, Multi-Faceted Preference Learning for Pricking
Filter Bubbles in Conversational Recommender System
(FacetCRS). It models diverse user preferences from mul-
tiple facets adaptively, including entity-, word-, context-,
and review-facet, to mitigate filter bubbles in the CRS. In
these facets, the entity facet is extracted from item-oriented
Knowledge Graph (KG) DBpedia (Auer et al. 2007). It con-
tains all item entities appearing in the conversation based on
the paths in such KG. This facet not only models user-item
relationships better but also allows the recommender to dis-
cover new correlated items by the connections over KG, thus
enabling the provision of diverse recommendations. Mean-
while, analyzing the prominent words employed by users
during their interactions allows for identifying niche or spe-
cific preferences that might not be readily apparent through
other facets of user profiling. Thus, we incorporate a word-
oriented KG ConceptNet (Speer, Chin, and Havasi 2017) to
model the relations such as synonyms and co-occurrence be-
tween words. Moreover, the ongoing dialogue (i.e., context-
facet preference) provides an opportunity to understand the
evolving interests of users, so the CRSs can adapt their rec-
ommendations to align with current user preferences. Lastly,
the reviews facet provides a direct and authentic information
source reflecting the firsthand experiences of users. They of-
ten contain descriptive narratives, ratings, and opinions that
shed light on various aspects of the items, such as qual-
ity, functionality, and performance. Analyzing these reviews
allows recommender systems to identify common patterns,
sentiment trends, and user sentiments towards specific fea-
tures, helping them better understand user interests. We con-
duct experiments on two public CRS-based benchmarks,
where our superior performance demonstrates the appealing
reliability of our method.

Overall, our main contributions are included as follows:

* To the best of our knowledge, this is the first work to model
user preference into multi-facets in the CRS, including
entity-, word-, context-, and review-facet, to capture di-
verse user preferences to prick filter bubbles in the CRS.

* We proposed a novel paradigm, FacetCRS, which mod-
els multi-faceted user preference into an end-to-end CRS
framework. It will adaptively learn representations of vari-
ous levels of preference facet and multi-aspect knowledge.

* Quantitative and qualitative experimental results on two
CRS-based datasets exhibits superior performance of our
proposed method, which serve as compelling evidence of
the effectiveness of our FacetCRS in mitigating the filter
bubble in the CRS.
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Related Work
Conversational Recommender System

With the widespread adoption of intelligent agents in diverse
domains (Chen et al. 2017), conversational recommender
systems have attracted a lot of attention. These CRSs can be
discerned into two primary categories: attribute-based CRS
and human-like CRS. The former (Christakopoulou, Radlin-
ski, and Hofmann 2016; Sun and Zhang 2018; Zhou et al.
2020b; Zhang et al. 2022) focus on eliciting user prefer-
ences by prompting them to express their likes or dislikes
with respect to various attributes, leveraging predefined ac-
tions such as item attributes and intent slots. Conversely, the
latter (Lu et al. 2021; Zhou et al. 2022, 2020c; Hayati et al.
2020; Li et al. 2018) endeavors to furnish more lifelike rec-
ommendations through human-like responses. Human-like
CRS typically comprises a conversation module responsible
for generating appropriate responses and a recommendation
module for delivering recommendations. Despite their so-
phistication, these approaches still suffer from the scarcity
and insufficiency of contextual information present in ini-
tial conversational utterances. To address these challenges,
existing methods often incorporate additional information
from external sources, such as structured data like knowl-
edge graphs (Zhou et al. 2022, 2020a), or unstructured data
like reviews (Lu et al. 2021), to enhance the conversation ut-
terances. Nevertheless, they still grapple with drawbacks as-
sociated with a limited scope of knowledge facets in external
sources. Our work adopts a human-like CRS approach and
models user preferences across multiple facets, encompass-
ing entities, words, contexts, and reviews.

Filter Bubbles in Recommendation

The filter bubble has emerged as a widely recognized
predicament in the field of recommendation systems. When
users find themselves ensnared within a filter bubble, the
system tends to present information that aligns closely with
their existing beliefs or interests, resulting in a curtailed ex-
posure to a broader range of information (Liu et al. 2021;
Nguyen et al. 2014). Recent research endeavors have delved
into investigating the primary factors contributing to the for-
mation of filter bubbles. From a user-centric perspective,
individuals with narrower and less diverse preferences are
more susceptible to becoming trapped within these bubbles
(Ribeiro et al. 2020; Spinelli and Crovella 2020). From a
system perspective, the learning process can inadvertently
amplify a user’s dominant interests. Furthermore, the sys-
tem typically assumes that user satisfaction equates to in-
trinsic interest by implicitly assuming that excessive expo-
sure to items of interest will not affect user satisfaction (Gao
et al. 2022; Li et al. 2023b). For example, Wang et al. (Wang
et al. 2022) introduce a novel recommender paradigm that
empowers users to actively control the mitigation of filter
bubbles. However, existing strategies predominantly con-
centrate on the static recommendation setting, which poses
challenges in effectively modeling the dynamic nature of fil-
ter bubbles. In contrast, our approach models multifaceted
user preferences when the user interacts with the system via
natural language conversations to prick filter bubbles.
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FacetCRS

Filter bubble is a challenging issue in CRSs, and it will be
increasingly severe over time due to the feedback loop be-
tween the user and the system in the online recommenda-
tion. To address these issues, we propose a novel framework,
FacetCRS, which comprises Multi-Facet Preference Learn-
ing and Multi-Facet Conversational Recommender System.
The pipeline of our FacetCRS is shown in Fig. 1.

Multi-Facet Preference Learning

Numerous extensive experiments conducted by most exist-
ing recommendation methods (Hussein, Juneja, and Mitra
2020; Liu et al. 2021; Nguyen et al. 2014) have consis-
tently demonstrated that individuals with narrower prefer-
ences tend to be more susceptible to the confinement of filter
bubbles. Along this line, we devise the Multi-Facet Prefer-
ence Learning to model diverse user preferences into multi
facets, including entity-, word-, context-, and review-facet,
to improve recommendation diversity.

Entity-Facet User Preference. The KG entities facet not
only enhance the user-item relationship modeling but also
allows the recommender to discover new items by leverag-
ing the connections within the KG, thus enabling the provi-
sion of diverse recommendations. To do this, we adopt the
large-scale item-oriented KG DBpedia (Auer et al. 2007) to
extract the entities of the paths in the KG, in which those
entities usually appear in conversations as items, inspired by
(Lu et al. 2021; Li et al. 2022; Zhou et al. 2022). The en-
tities always present in the form of head entities epeaq and
tail one ey, in the fruitful knowledge triples (€head; 7 €tail)s
where and r is the relation between ey,0.q and ei,;. Given a
conversation context C = {s;}}_,, we first extract k entities
& = {e1,e2, -+ ,ex} via DBpedia, where s; = {w;}72;
denotes one sentence (i.e., each utterance) and w represents
a word from vocabulary V. Then, we utilize the Relational
Graph Convolutional Networks (RGCN) to learn entity em-
beddings. Concretely, we utilize RGCN to learn entity rep-
resentations on the extracted subgraph, and thus the repre-
sentation of entity e at (I + 1)!" layer is calculated as:

1
el = O'(Z Z Z—Wﬁ.él + wleb).
rer eenr 1

ey

Here e! means the I*" layer’s representation of entity e, o is
the sigmoid function, é is the entities from one-hop neighbor
set H_ of entity e under the relation r, ;1 is the hyperpa-
rameter, i.e., the normalization factor. Wi and W' can be
trained during model training. With the spirit of previous
works (Li et al. 2022; Lu et al. 2021), the last layer’s rep-
resentation e’ is employed as the entity representation e of
the entity e. Therefore, the entity-facet embeddings X . can

be described as:
X.=RGCN(E&) = {eT,el,--- el

where e is the embedding of the entity e; via RGCN.

@

Word-Facet User Preference. Keywords used in conver-
sations serve as critical indicators to gain valuable insights
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into the user’s specific needs. Analyzing the prominent
words employed by users during their interactions allows for
the identification of niche or specific preferences that might
not be readily apparent through other facets of user profiling.
Thus, word-facet information enables the delivery of more
personalized and tailored recommendations. To model user
preference in word facet, the external lexical word-oriented
KG ConceptNet (Speer, Chin, and Havasi 2017) is utilized to
establish semantic relationships among words, encompass-
ing diverse associations such as synonymy, antonyms, and
co-occurrence. Given a context C, the first step is to draw
m words WS, = {wy,ws, - ,wn}, and then utilize Graph
Convolutional Networks (GCN) to learn the representations
of current words. In GCN, the (I+1)*" layer’s representation
of word w can be expressed as:

wtt = o (Aw'Wh). (3)

where w! is the [*" layer’s representation of word w, A=
D~2 AD™ 7 is the normalized adjacency matrix, A is the ad-
jacency matrix by retrieving semantic relationships of words
from ConceptNet, and D is a diagonal matrix of size [ 4 X [ 4
where the elements on the diagonal represent the degrees of
the nodes, i.e., D;; = Z;A Aij. W' is the trainable weights.

Similar to RGCN, we use the last layer’s representation w”

as the word representation w of the word w. Thus, the word-
facet embeddings X, is given as:

X, = GONOWE) = {w! ,wl, - wl},
here w is the embedding of the word w; by GCN.

4)

Context-Facet User Preference. Unlike static user pro-
files or explicit feedback, conversation contents (i.e.,
context-facet preference) provide a more nuanced view of
user preferences by capturing the dynamic nature of their
interests. The ongoing dialogue gives an opportunity to un-
derstand the evolving interests of users. By considering the
conversational context, sentiment, and topics discussed, the
CRS can adapt its recommendations to align with the user’s
current interests. Along this line, we employ a Transformer
(Vaswani et al. 2017a) as the encoder to learn the repre-
sentations of the conversation contexts. For the context C,
suppose the output embeddings of the previous transformer
layer is 7(=1)(C), then the current one 7*(C) can be defined
by Multi-head Attention function MHA(-, -, -) as follows:

THC) = MHA(T' (), T (C), T (0)),

5
MHA(K,Q’V) = [headll;... ;headﬁl]wg’ (5)

where h is the number of heads, Wé is the training pa-

rameteres, and each head headé» is computed by Scaled

Dot-Product Attention (Vaswani et al. 2017b) functions

SDA(,-, ") as:

head) = SDA(T' ()W}, T ()W, T ()W),
KT

Q 1%

Vah

SDA(K, Q, V) =Softmax(
(6)
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Reviewl: Inception is an incredible movie! The
!| concept of entering dreams and manipulating
'| them was mind-blowing. The visuals were
stunning, and the plot was so well-crafted!

f_

'| Review2: Inception is a mind-bending action-
|| packed masterpiece! With stunning visuals, a
| gripping plot, and exceptional performances, it's
amust-watch for fans of psychological thrillers.

Context Encoder

Transformer

Revlew Encoder

Rewew

DBpedia i Movie Embeddings o
I'm in the mood for a thrilling O 8 0.8
action movie? O & Ve Q 4 L;‘ g
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How about "Inception"? It's a mind-bending C b " Int;f)sltzllar
action-packed film. Entity-Facet ; (2014)
Oh, what do people say about it? @ @ Lookup Table User Preference X
Entmes Entmes : —> 3 0.6
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acclaim from viewers. 1 Embedding The Matrix
L Context Revnew Lookup Table Tl Pmulfac (1999)
Sounds captivating! Are there ords ords vl
any other similar movies? nl
Word-Facet M—) —
If you enjoy action thrillers, "The Dark tNet User Preference X : 04
Knight" and "Mad Max: Fury Road" are Q Ll v nln
highly recommended. Q, o0 Ve /Q —| GCN The Prestige
R 7 Jd 2006
Thanks for the suggestions! I'm O —0< od ¢ )

Context-Facet
User Preference Xc

=

Review-Facet
User Preference Xr |

: Response: The movie Interstellar (2014) is
. worthwhile to watch, which can satisfy your taste.

Conversation Module

Figure 1: Overview of the proposed framework, FacetCRS, which consists of Multi-Facet Preference Learning and Multi-
Facet Conversational Recommender System. The former aims to adaptively model diverse user preferences into multi-facets,

including entity- ,

word-, context-, and review-facet, while the latter contains the recommendation module to select accurate

items for the user and the conversation module to generate proper responses.

Note that Vj € [h], K,Q and V denote the key, query,
and value matrices, respectively. Softmax is the softmax
function. Wk Wq and W are the parameters that can be
learned. For convenlence We employ the output embedding
of the last transformer layer to be context-facet embeddings
X .. Based on Eq.(5), it can be written as:

X =MHA(TEY ), TEHC), T 1(C)).

Here, L denotes the number of transformer layers.

@)

Review-Facet User Preference. Item reviews effectively
reflect the firsthand experiences of users by describing the
authentic user experiences and feelings. They often contain
descriptive narratives, ratings, and opinions that shed light
on various aspects of the items, such as quality, functional-
ity, and performance. Analyzing these reviews is beneficial
to identify common patterns, sentiment trends, and user sen-
timents towards specific features, helping them better under-
stand user interests. Due to the advantages of reviews in ex-
ploring user preferences, some works (Lu et al. 2021; Zhou
et al. 2022) have introduced reviews to improve CRS. In-
spired by them, we also incorporate reviews to explore user
preferences in the review facet. Given a review R that is re-
trieved from a set of reviews based on (Lu et al. 2021), we
also adopt the Transformer to model the review represen-
tations to complement other three facets of modeling user
preference. Similar to context-facet embeddings modeling,
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the output embeddings of the last transformer layer are con-
sidered as the review-facet user embeddings. It can be de-
fined as follows according to Eq.(5):

X, =MHA(TEYR), TE"YR), TE"H(R)).  (8)

Fusing Multi-Facet User Preference. In the preceding
sections, we have formulated user preferences at various
levels of detail, encompassing entity-, word-, context-, and
review-facet considerations, gradually progressing from a
broader perspective to a more nuanced one to model diverse
user preference. These four types of preference facets differ
in their definitions but are complementary to each other, al-
lowing for diverse preference modeling and effectively mit-
igating filter bubbles in the CRS. We contend that user pref-
erences may be collectively influenced by these facets, albeit
with varying magnitudes. Consequently, the ultimate user
preference representation P,,i¢.. can be achieved by our
proposed multifaceted fusion function FacetNet(:) as fol-
lows:

7:aﬁwo = TL(XG) ® TL(XW)7
Teore = TH(X ) @ THX,),
7-mfac 'Teﬁwo ® ﬁgre’

P uitac = Softmax(ReLU(T..))-
©))
Here, the symbol ® represents the matrix multiplication op-
eration, while @ signifies vector concatenation. ReLU is the

FacetNet(-) =
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Rectified Linear Unit. Subsequently, the multifaceted user
preference Pt 1S employed to provide accurate recom-
mendations and generate suitable responses in the CRS.

Multi-Facet Conversational Recommender System

To prick filter bubbles in the CRS, we adopt the multifaceted
user preference Pyitac to effectively make item predictions
in the recommendation module and accurately predict the
next utterances in the conversation module.

Recommendation Module. The main goal of the recom-
mendation module is to deliver precise item suggestions
to users by leveraging their interactions with the system
through natural conversations. In order to mitigate the im-
pact of filter bubbles, we aim to explore the breadth of user
preferences and encompass a diverse range of recommenda-
tions. Therefore, the multifaceted user preference Pyyifac
is used to excavate diverse user interests from multiple per-
spectives to enhance recommendation performance. Specif-
ically, Puifac 1s first fed into the Multilayer Perceptron
Layer (MPLNet) followed by a softmax layer to generate
the recommendation prediction P,. This process is:

P, = Softmax(MPLNet(Pyuifac))- (10)

To train the model, we adopt the cross-entropy loss (Lu et al.
2021) to achieve our learning goals. The cross-entropy loss
L, measures the dissimilarity between the prediction P, and
the target item category and can be computed as:

1o
_E Zlogpfw
j=1

where NV, denotes total number of recommendations, and
Pr(j ) is the target category in the j-th recommendation.

Ly

(1D

Conversation Module. The goal of the conversation task
is to generate suitable utterances to respond to the user. In
our conversation module, we adopt the entity-facet embed-
dings X ., word-facet embeddings X,, context-facet em-
beddings X, and review-facet embeddings X, to the de-
coder network for simultaneously predicting the next re-
sponses. Concretely, these multi-facet user preference em-
beddings are fed into each cross-attention layer to fuse their
useful knowledge information to produce diverse response
contents. Formally, we adopt Y =Y to denote the output of

the last time unit, then the current one Y@ s
Ay =MHA(Y" LYty ),

Al =MHA(A], X, X.),

A; = MHA(A?,XW,XW), 12
AL = MHA(AL X, X,),

Al = MHA(AL X, X,),

Y’ =FFN(A)).

Here, MHA can be computed by Eq. (5), and the FFN(-)
is the fully-connected feed-forward network, which can be
modelled as follows:

FFN(z) = ReLU(xW 1 + b1)W 3 + bo, (13)
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where W ; and W, represent the learnable weight matrices,
and b; and b, denote the bias terms corresponding to the first
and second layers, respectively. As illustrated above, mul-
tifaceted user preference information is progressively inte-
grated into the decoding stage. Initially, the entity-facet user
preference is incorporated, then the word-facet user pref-
erence, followed by the context-facet user preference, and
lastly, the review-facet user preference. Integrating multiple
facets of information enriches users’ understanding of items,
resulting in a comprehensive and diverse range of user in-
terests, which can effectively prick filter bubbles in CRS.
To train the conversation module, we also adopt the cross-
entropy loss inspired by (Lu et al. 2021) to learn the response
generation. The conversation loss £, can be illustrated as:

1, =
~7 ;bg(P(st\{Shl}))v

P(sel{si-1}) = Pu(se|Yi) + Py(s:|Yi, G) + Pr(s:]Yi, R),
(14)

where M is the number of conversation turns, s; represents
the #*" utterance in the conversation, {s;_;} represent the
previously generated sub-sequence, which can be denoted

as {s;—1} = 81,82, ,81—1. If’(st\{st_l}) refers to the
generation probability of the next token s;. We utilize P,,(-),

P ¢(+), and P,.(-) as probability functions over the vocabulary
V, entities from KG G, and reviews R with Y, as the input.

Le

Experiments and Analyses

In this section, we conduct experiments to evaluate the per-
formance of FacetCRS and answer the following questions:

RQ1: How does FacetCRS perform compared with state-of-
the-art methods in the recommendation task?

RQ2: How does FacetCRS perform compared with state-of-
the-art methods in the conversation task?

RQ3: How does FacetCRS prick filter bubbles in the CRS?
RQ4: How do the entity-facet user preference X, word-
facet X ,,, context-facet X ., and review-facet X ;. contribute
to the performance?

Experimental Protocol

Datasets. We evaluate our FacetCRS on two challenging
CRS-based datasets REDIAL (Li et al. 2018) and TG-
REDIAL (Zhou et al. 2020c). REDIAL encompasses a
collection of 10,006 conversations associated with 51,699
movies. It is partitioned into three training, validation, and
testing datasets, respectively. Additionally, this dataset in-
corporates a review database sourced from the IMDb! web-
site, containing 30 reviews for each movie. TG-REDIAL is
a Chinese dataset consisting of 10,000 dialogues involving
two parties, which collectively comprise a total of 129,392
utterances relevant to 33,834 movies. Each conversation
commences with an initial sentence and unfolds chronologi-
cally, giving rise to subsequent response utterances and rec-
ommendations. The review database integrated within TG-
REDIAL is obtained from the Douban® website.

"https://www.dbpedia.org/
*https://movie.douban.com/
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Metrics. To make a fair comparison, we use same metrics as
most works (Lu et al. 2021; Zhou et al. 2022). For the rec-
ommendation task, we adopt Recall@k (R@k, with k = 1,
10, 50). For the conversation task, we adopt both automatic
evaluation (i.e., Distinct n-gram (D-n, with n = 2, 3, 4)) and
human evaluation (i.e., Fluency and Informativeness).
Baselines. We conduct a comparative analysis with several
baselines in both recommendation and conversation tasks.
The compared methods include Popularity, TextCNN (Kim
2014), Trans (Vaswani et al. 2017a), ReDial (Li et al. 2018),
KBRD (Chen et al. 2019), KGSF (Zhou et al. 2020a), KE-
CRS (Zhang et al. 2021). By conducting a thorough compar-
ison with these state-of-the-art models, we can effectively
evaluate the performance and effectiveness of our FacetCRS
in the recommendation and conversation tasks.

Evaluation on Recommendation Task (RQ1)

We utilize the Recall@k to evaluate our FacetCRS in the
recommendation task. Table 1 summarizes the experimental
results. We can see that our model is superior to all the com-
pared methods. The best is labeled in boldface.

The improvement of FacetCRS over these baselines can
be attributed to three aspects: (1) In the real-world, the data
of user interactions is rather sparse, and thus external data
is crucial to complement the user behavior data to explore
user preference. Thus, we adopt multi-aspect external data,
such as DBpedia, ConceptNet, and item reviews, to model
diverse user interests; (2) Besides these external data, the di-
alogue contexts between the user and the system in the CRS
also play an important role in excavating users’ dynamic in-
terests and evolving needs. Hence, modeling multifaceted
user preferences via this multi-dimension knowledge is ben-
eficial to explore diverse user preferences, which can effec-
tively make recommendations; (3) FacetCRS is designed to
prick filter bubbles in the CRS when the user chats with the
system over time via natural language conversations. To do
this, we adopt the multifaceted user preference P yitfac tO
select the important candidate items to recommend to the
user in the recommendation module. In this manner, leverag-
ing multifaceted user preferences can effectively prick filter
bubbles in the CRS via the user-system feedback loop.

Evaluation on Conversation Task (RQ2)

Automatic Evaluation. Table 2 presents the D@n re-
sults in our FacetCRS on the conversation task. The ex-
perimental results unequivocally demonstrate that our pro-
posed FacetCRS attains superior performance compared to
all competing methods, consistently outperforming them
across various metrics. First, we can see that ReDial out-
performs Popularity and TextCNN because it introduces a
pre-trained RNN module. Meanwhile, KBRD is superior to
KECRS since it incorporates external data (e.g., DBpedia) to
align the item and word representations. Additionally, KGSF
performs better than other baselines. This is attributed that
KGSF not only aligns the conversation contexts and items
but also further enhances their representations.

Compared with these baselines, the improvement of
FacetCRS can be attributed to several main reasons: (1) We
adopt the entity-facet user preference X, word-facet X,
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Datasets REDIAL TG-REDIAL

Models R@]l R@10 R@50| R@] R@10 R@50
Popularity | 0.011 0.054 0.183 |0.0004 0.003 0.014
TextCNN | 0.013 0.068 0.191 | 0.003 0.010 0.024
ReDial 0.024 0.140 0.320 | 0.000 0.002 0.013
KBRD 0.031 0.150 0.336 | 0.005 0.032 0.077
KGSF 0.039 0.183 0.378 | 0.005 0.030 0.074
KECRS 0.021 0.143 0.340 | 0.002 0.026 0.069
FacetCRS|0.041* 0.202* 0.386%|0.006* 0.034* 0.080*

Table 1: Results on the recommendation task. Numbers
marked with * indicate that the improvement is statistically
significant compared with the best baseline (¢-test with p-
value < 0.05).

Datasets REDIAL TG-REDIAL
Models D2 D3 D4 | D2 D3 D4
Trans 0.067 0.139 0.227 | 0.053 0.121 0.204
ReDial 0.082 0.143 0.245| 0.055 0.123 0.215
KBRD 0.086 0.153 0.265 | 0.045 0.096 0.233
KGSF 0.114 0.204 0.282 | 0.086 0.186 0.297
KECRS 0.040 0.090 0.149 | 0.047 0.114 0.193
FacetCRS|0.126* 0.209* 0.305%|0.113* 0.228* 0.312*

Table 2: Results on the conversation task via automatic eval-
uation. Numbers marked with * indicate that the improve-
ment is statistically significant compared with the best base-
line (t-test with p-value < 0.05).

context-facet X ., and review-facet X, to model feature
preferences at different latitudes, which is helpful of mod-
eling user preference into multi-facet, thereby mitigating the
filter bubbles in the CRS and make diverse recommendation.
(2) To accurately predict the next utterances, we take these
four facet user preferences into the cross-attention to obtain
the respective context representations to complement each
other for generating suitable responses.

Human Evaluation. Table 3 shows the experimental re-
sults in FacetCRS via human evaluation on the conversation
task. From the experimental results, we can observe that:
1) ReDial performs better than Transformer since it has a
pre-trained RNN encoder; 2) KGSF outperforms multiple
baselines such as ReDial, KBRD, KECRS in terms of infor-
mativeness metric because it incorporates the external KG
to align the word and item representations; 3) From the view
of informativeness, KGSF also performs better than all other
baselines attributed to the fact that it enhances representa-
tions via KG.

FacetCRS consistently achieves superior performance in
both metrics compared to all the baselines. Our model in-
corporates various facets, including entity facet, word facet,
context facet, and review facet, thereby effectively mitigat-
ing filter bubbles in the CRS as the user interacts with the
system over time. Additionally, our model generates conver-
sation utterances that are both more informative and fluent
via these four facets of knowledge information.
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Models Fluency Informativeness
Trans 0.97 0.92
ReDial 1.35 1.04
KBRD 1.23 1.15
KGSF 1.48 1.37
KECRS 1.39 1.19
FacetCRS 1.50% 1.39*

Table 3: Results on the conversation task via human evalua-
tion. Numbers marked with * indicate that the improvement
is statistically significant compared with the best baseline
(t-test with p-value < 0.05).

Datasets REDIAL TG-REDIAL
Models  |Iso-Index | Coverage?|Iso-Index| Coverage?!
Popularity | 0.1281 59110 0.1431 7.0332
TextCNN | 0.1127 6.9041 0.1301 8.9254
ReDial 0.1185 6.8202 0.1242 8.9418
KBRD 0.1149 5.8931 0.1222 9.0810
KGSF 0.1055 6.7920 0.1198 9.1373
KECRS 0.1072 6.8157 0.1075 9.0942
FacetCRS| 0.0856 7.6436 0.0902 10.8172

Table 4: Results on Iso-Index and Coverage metrics.

Study on Filter Bubbles (RQ3)

Since we aim to prick filter bubbles in the CRS, we exam-
ine the recommendation results compared with the strongest
baselines to verify whether FacetCRS can mitigate the fil-
ter bubbles. To this end, we adopt multiple metrics to fully
evaluate the severity of filter bubbles.

1) Isolation-Index (Iso-Index) & Coverage: In Table 4,
we present the experimental results for two widely-used
metrics, namely Iso-Index and Coverage. It is evident that
FacetCRS consistently demonstrates the lowest Iso-Index
values and the highest Coverage values across both datasets.
The reduced Iso-Index values indicate a greater recommen-
dation diversity, encompassing a broader range of facets and
topics. Moreover, the higher Coverage values confirm its
ability to effectively cover a larger portion of the recommen-
dation space. These observations highlight the capability of
FacetCRS to effectively mitigate filter bubbles by enhancing
the diversification of recommendations.

2) Item Similarity: In Figure 2, we evaluate the similarity
among the representations of the top 50 recommended items
generated by each method on the REDIAL dataset. Heat
map with brighter color denotes increased recommendation
diversity while darker hues suggest a contrasting scenario.
Besides, the presence of more * markers indicates higher
similarity and lower diversity. We observe that KECRS ex-
hibits a darker color and the highest * magnitudes, indicat-
ing lower diversity in its recommended items. Similar char-
acteristics are observed in the KBRD and KGSF methods.
Conversely, our approach, FacetCRS, demonstrates superior
performance with a noticeably lighter heat map and fewer
* markers. This validates the effectiveness of FacetCRS in
pricking filter bubbles with diverse recommendations.
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Figure 2: The heat maps depicting item similarity.

Models D-2 D-3 D-4
FacetCRS 0.126 0.209 0.305
w/o X 0.118 0.201 0.298
w/o X 0.122 0.202 0.300
wlo X . 0.119 0.197 0.296
w/o X, 0.123 0.205 0.301

Table 5: Ablation studies on the conversation task.

Ablation Studies (RQ4)

In this part, we conduct ablation experiments with different
variants of our FacetCRS on the REDIAL dataset to ver-
ify the contributions of each component, including: 1) w/o
X.: we remove entity-facet embeddings X ; 2) w/o X :
we remove word-facet embeddings X .; 3) w/o X .: we re-
move context-facet embeddings X .; 4) w/o X ;: we remove
review-facet embeddings X ;. Table 5 shows that removing
any kind of various levels of preference facet leads to leads
to performance degradation. This validates that these vari-
ous data are beneficial for enhancing data representations to
excavate diverse user preferences, thereby mitigating filter
bubbles in the CRS to fulfill the recommendation goal.

Conclusion

To prick filter bubbles in the CRS, we propose a novel frame-
work FacetCRS, which models multi-faceted user prefer-
ences in the CRS, including entity-, word-, context-, and
review-facet, to capture diverse user preferences to mit-
igate filter bubbles. Meanwhile, FacetCRS is an end-to-
end framework to automatically learn representations of
various levels of preference facet and diverse types of
external knowledge. Through extensive experiments, our
method consistently outperforms several competitive base-
lines, which demonstrate the effectiveness of our FacetCRS.
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