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Conversational Recommender Systems (CRSs) interact with users through natural language to provide
recommendations and generate responses. Due to limited information in conversation, existing works utilize
KGs or reviews to improve CRS. Despite achievements, they overlook co-occurrence relations which have
shown effectiveness in collaborative filtering systems. In this work, we first propose a novel framework named
CoCRS, aiming to incorporate Co-occurrences into the Review-based Conversation Recommendation
Systems. In CoCRS, we mine co-occurrences from two aspects: (1) item and entity, (2) user and item. For
the first one, we extract entities from redundant review texts by KG and construct a relation-aware item-
entity heterogeneous graph. In the second aspect, we analyze review sentiments and construct a sentiment-
aware user-item bipartite graph. We encode two graphs to obtain user and entity embeddings. Since users
in CRS are anonymous, we generate a virtual similar user representation to match reviews with users.
Besides, we capture time-aware preference representation from two-time dimensions. Finally, we generate
word-level user representation with word-oriented KG and model user preference by integrating the above
representations. Extensive experiments demonstrate that CoCRS outperforms baselines and the cold-start
experiment highlights its robustness.The Large LanguageModel (LLM) experiment illustrates the significant
role of co-occurrence relationships in LLM-based CRS. Our code are available at https://github.com/Qin-lab-
code/CoCRS.
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1 Introduction
In recent years, Conversational Recommender Systems (CRS) have emerged as a popular
research topic in the domain of computer science. The goal of CRS is to engage in natural language
conversations with users and provide high-quality recommendations. Compared to traditional
recommendation systems, CRS dynamically interacts with users, obtains real-time feedback, and
models user preferences based on this feedback. The system additively detects changes in user
interests, thereby improving the performance of recommendations. Generally, CRS can be divided
into twomainmodules: the recommendationmodule and the dialoguemodule.The recommendation
module models user preferences based on the dialogue content and aims to provide accurate
recommendations. The generation module focuses on generating fluent natural language to interact
with users.

Many works have been devoted to the CRS field and have yielded notable achievements. Ini-
tial works [36, 63] utilize HRED [55] or LSTM [59] to understand the conversation and com-
plete the recommendation task. Since a sole conversation often contains a limited number of
items, and it is difficult to obtain comprehensive item representations by relying only on con-
tent, some works proposed to incorporate external information to effectively model items and
generate informative representations. A series of works focuses on the KG. Chen et al. [8] and
Zhou et al. [93] delve deeper into the connections among items and entities by incorporating KGs,
thereby enriching the representation of each item. Moreover, Ma et al. [48] employ the methods
of random walks on KG to reveal the complex causal relationships between items and entities
in the conversation. To extract the structured information within them, Li et al. [38] apply tree-
structured reasoning to the conversation to achieve more precise representations of the items
and entities. Note that, these approaches only consider conversation content, which contains
rather limited information. To address such need, Lu et al. [47] introduce texts in reviews and
supplements to conversation to alleviate the problem of insufficient information. However, they
directly segment the review text and simply select a fixed number of words to concatenate be-
hind the conversation. This approach overlooks the deeper structural and semantic information
within reviews, specifically the co-occurrence relationships between entities (e.g., which entities
are frequently mentioned together) and the sentiment information between the reviewer and the
item (e.g., the reviewer’s positive attitude towards one item but negative attitude towards an-
other). The neglect of such rich information prevents their model from achieving a comprehensive
understanding of user opinions, which ultimately limits the potential for further performance
improvements.

Despite their achievement, they mainly focus on descriptions of entities or items, overlooking
the interactional information between users and items. However, solely relying on this information
is not sufficient to accurately capture the user’s preference representation. Within the realm of
traditional Collaborative Filtering (CF) challenges, user interaction information (co-occurrence
relations) has wielded substantial influence and achieved notable success. Through the exploration
of co-occurrence relations, CF systems are able to uncover similarities between users and items,
thereby enabling a more precise capture of user preferences. Nevertheless, in CRS, owing to the
restricted interaction information within the singular conversations, depending on the user’s
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conversation to establish co-occurrence relationships becomes quite challenging. Xie et al. [74]
utilized co-occurrence information and integrated Retrieval-Augmented Generation (RAG) to
construct a neighborhood-based CRS to enhance the capabilities of CRS. Inspired by the work of
Lu et al. [47], we find that reviews contain abundant and useful co-occurrence relations. Therefore,
we propose to mine the co-occurring relationships in reviews to enhance the performance of CRS.
While Xie et al. [74] also considered co-occurrence relationships in their CRS, our approach differs
from theirs in that we not only incorporate co-occurrence relations from raw conversations but
also explicitly mine such relationships from user reviews.

Although co-occurrence relationships already play an important role in CF, mining co-occurring
relationships from reviews and introducing them into CRS has two challenges: (1) Co-occurrence
relationship mining from redundant reviews. Traditional CF systems datasets explicitly contain
a significant number of co-occurrence relationships. Reviews primarily contain explicit textual
information, inevitably including abundant redundant information (e.g., definite articles and prepo-
sitions). Lu et al. [47] simply move the text from reviews to the conversation.This approach can only
utilize a little descriptive information from reviews and fails to mine co-occurrence information
beneficial for recommendations. Moreover, because of the abundant redundant information in
reviews, simply moving words in the reviews to the end of the conversation inevitably introduces
some noise. Consequently, effectively denoising and mining co-occurrence relationships from
reviews presents a significant challenge. (2) Accurately user preference modeling. Firstly, unlike
traditional recommendation systems, users in CRS are often anonymous and do not include infor-
mation such as reviews. When co-occurrence relationships of users are extracted from external
reviews, precise matching with users in CRS becomes infeasible. Additionally, conversations usually
involve recommendations for multiple items. Each completion of an item recommendation can be
named an episode. The most accurate user preferences are usually manifested in the most recent
episodes. Previous approaches indiscriminately input the entire conversation into the CRS and
model user preferences using all conversation information. For some long conversations, these
methods are easily misdirected by past preferences (earlier episodes) and neglect recent episode
impact, resulting in a bias in the captured user preferences. Thus, it is challenging to accurately
model user preferences.

For the first challenge, we propose to mine the co-occurrences from two aspects. First, the
co-occurrence relationships between items and entities are often obscured within amounts of
redundant text. To extract this information, we utilize a KG to extract entities and items men-
tioned so to filter redundant information in the reviews. To obtain more informative and deeper
co-occurrence relationships, we further construct a relation-aware item-entity heterogeneous
graph, encompassing co-occurrence between items and entities in reviews, namely describing
relationships, as well as co-occurrence relationships between items by finding items that multiple
identical users review. Besides, reviews not only contain explicit interaction information but also
encompass users’ subjective sentiments towards items, namely sentiment polarity. To extract this
information, we design a sentiment discriminator to analyze the sentiment polarity of each review.
Subsequently, we utilize this sentiment polarity to construct a sentiment-aware user-item bipartite
graph, comprising two types of edges: like or dislike. We employ Relational Graph Convolu-
tional Neural Network (R-GCN) to encode the two graphs and obtain embeddings of users and
items. This method uncovers co-occurrence relationships between items and entities in reviews,
alleviating the performance issues of KG in specialized domains. The embeddings of users and
items serve as a foundation for generating user preference representation.

For the second challenge, we propose to create a virtual similar user to match the co-occurrence
information in the review to the users. Specifically, we search for reviews with similar sentiment
polarity based on items mentioned in the conversation. Then, we consider the users who generated
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these reviews as similar users. Based on the user embeddings learned from the sentiment-aware
user-item bipartite graph mentioned above, we fuse the embeddings of similar users through a
self-attention mechanism to obtain a more informative virtual similar user representation. Through
the above approach, we address the mismatch between users and review in CRS and aggregate
co-occurrence relationships from multiple users, serving as a foundation for generating richer
user representations. Furthermore, to capture the most authentic user preferences, we use the
recent episode from the entire conversation. Hence, we use self-attention to aggregate the entities’
representations in the recent episode and the entire conversation to capture the user preferences
from two dimensions. Then, we employ a gating mechanism to fuse them to gain a time-aware
user preference representation. This method enables the system to perceive variations in user
preferences across different temporal dimensions and capture the most genuine user preferences.
Finally, we generate user preference representations from the textual dimension and integrate these
three representations to obtain the most accurate user preference representation.

Overall, we propose a novel framework named CoCRS, aiming to incorporate Co-occurrences
into the Review-based Conversation Recommendation Systems. This is the first work which
uses mining and incorporates co-occurrences in reviews into the CRS. Specifically, we construct
the sentiment-aware user-item bipartite graph and the relation-aware item-entity heterogeneous
graph to mine the co-occurrence information from reviews. Then, we create the virtual similar
user and generate the time-aware user representation to accurately capture the user preference.
For response generation, to generate more suitable responses for the CRS, we introduce a pre-
trained language model to assist in the generation of dialog responses. To validate the effec-
tiveness of our approach, we conduct extensive experiments on two different-size CRS datasets.
Experimental results show that our CoCRS outperforms competitive baselines in both the rec-
ommendation and conversation tasks. Besides, we conduct two experiments: directly applying
Large Language Models (LLMs) to CRS and incorporating co-occurrence relationships into
the LLM. The experimental results demonstrate a significant enhancement in the effectiveness of
the LLM with the incorporation of co-occurrence relationships. Our main contributions are as
follows:

—We introduce CoCRS, a novel review-basedmethod for conversation recommendation systems.
To the best of our knowledge, this is the first work which proposes to mine co-occurrence
information from reviews and incorporate them into the CRS to enhance the performance of
the system.

—We propose two specific methods for mining co-occurrence relationships from redundant
reviews: relation-aware item-entity heterogeneous graph construction and sentiment-aware
user-item bipartite graph construction. They respectively extract entities from review to
obtain co-occurrence between item and entity, and utilize sentiment to augment co-occurrence
between user and item.

—We propose an effective approach to construct a virtual similar user based on sentimental
information mined from conversation context and reviews, which we use to retrieve valuable
co-occurrence relationships. In addition, we propose a time-aware method to utilize the recent
episode and the entire conversation, which demonstrates effectiveness for modeling user
preference.

—Extensive experiments on two CRS datasets demonstrate CoCRS’s superiority over existing
methods. Additionally, the cold-start experiment highlights the strong robustness of our
framework. The experiment with LLM exhibits incorporating co-occurrence relationships is
equally effective in LLM-based CRS.
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2 Related Work
2.1 Conversational Recommendation Systems
With the rapid advancement of intelligent agents on e-commerce platforms, CRS has become
an emerging research topic, garnering significant attention [12, 36]. CRS mainly explores user
preferences through conversational interaction and provides high-quality recommendations. Prior
work can be broadly divided into two categories [94].

The first category is attribute-based CRS [12, 35, 63, 86], which usually interacts with users
through some predefined interaction operations, such as asking for attribute information about
items or recommending items and responding to users with predefined language templates. In
general, the system first asks questions, and the user provides simple feedback. Subsequently, the
system reduces the recommendation item space based on this feedback. Through multiple rounds
of iteration, the system eventually determines the recommended items. Early work [12] introduces
a preference elicitation strategy and leverages latent structures in recommendation spaces via a
probabilistic latent factor model to identify which questions to ask a new user. Zhang et al. [87]
developed a unified conversational search and recommendation framework, which for the first time
in CRS incorporated both review data and item descriptions to enrich the system’s knowledge and
improve the accuracy of search and recommendation. To ascertain the timing of recommendations
(deciding whether to inquire about attributes or recommend items), Lei et al. [35] determine user
preference for both items and item attributes through three stages: estimation, action, and reflection.
Kim et al. [27] employ a high-level policy to determine the timing of recommendations and utilize
a low-level policy to decide action type through a hierarchical policy learning approach. To provide
high-quality recommendations quickly, Lin et al. [39] feature a greedy Normalized Discounted
Cumulative Gain (NDCG) attribute selector for prioritizing attributes that best represent user
preferences and a user representation refiner to fuse collected preferences effectively. In recent
years, with the rapid development of deep learning, Chu et al. [13] proposes a meta-exploration
policy for rapid user preference identification, customizing the item recommendation module
to enhance recommendation quality based on conversation states, and utilizing a transformer-
based state encoder to model intricate feedback relations. Zhao et al. [88] utilize a hierarchical
hypergraph neural network to capture user preferences from three views: like, dislike, and social,
and employ a cross-view Contrastive Learning (CL) module to preserve the intrinsic features
and correlations of user preferences. Ni et al. [50] leverage deep transformer-based multi-channel
meta-reinforcement learning to facilitate connections between different rounds of conversations in
determining whether to recommend items or pose questions. Besides, Zhang et al. [82] evaluate
state-of-the-art multi-turn CRSs by examining the effectiveness of designed components in different
scenarios and their transferability to other models and provide key insights and guidelines for the
future. These works mainly focus on completing the recommendation task in as few rounds as
possible and ignore the features of natural language. Users only communicate through pre-defined
interactions, which may hurt user experiences.

The other category is topic-based CRS, which generally interacts with users through natural
language, aiming to understand the user preferences so provide accurate recommended items, and
generate utterances as responses. Due to limited information in the conversation, early works
begin incorporating external knowledge to enrich the conversation context. Chen et al. [8] close
the gap between recommender systems and dialogue systems by integrating them in an end-to-end
framework and leveraging knowledge graphs to enhance user representations. Zhou et al. [93] use
entity-oriented knowledge graph and word-oriented knowledge graph at the entity granularity and
word granularity respectively to represent user preferences more comprehensively, and use MIM to
narrow the gap between the two knowledge graphs. Yang et al. [79] introduce descriptions of items to
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further assist user representation. Subsequently, to fully mine and utilize the information of external
knowledge and conversation, Zhou et al. [97] use CL methods to bridge the semantic gap between
external knowledge bases. Li et al. [37] and Lin et al. [41] further enhance the user representation
by mining the relationships among users, dialogues, and entities in the dialogue database. Li et al.
[38] mine structural information in user dialogue entities to learn clearer information about user
preferences. Zhang et al. [84] incorporate the dialogue with CRSs and perform dynamic knowledge
reasoning with the dialogue context. Shang et al. [57] uses historical dialogue data with hypergraph
structure to enrich the contexts. Besides, Deng et al. [16] proposed a unified model, based on PLM,
that integrates various tasks, including goal planning, topic prediction, item recommendation, and
response generation, into a single sequence-to-sequence paradigm. With the rapid development of
LLM, Yang et al. [80] propose a novel evaluation metric, namely Behavior Alignment, to measure
the consistency of recommendation strategies between LLM-based CRS and human recommenders.
Xie et al. [74] utilized co-occurrence information and integrated RAG to construct a neighborhood-
based CRS to enhance the capabilities of CRS. Similarly, Zhu et al. [98] also employed RAG and CF to
construct a collaborative retrieval mechanism for enhancing LLMs. Different from their work, our
approach incorporates co-occurrence relationships derived not only from conversations but also
from reviews. Several studies incorporate review information to enhance the performance of CRSs.
Lu et al. [47] employed words from reviews to supplement the user representation. Zhang et al. [83]
constructed an empathetic CRS and leveraged a review dataset to enhance its training. Zheng et al.
[91] modeled user preferences from multiple perspectives, including items, entities, words, reviews,
and knowledge. Zou et al. [99] utilized a Mixture-of-Experts model with a ChairBot coordinator to
integrate specialized experts handling conversation history, knowledge graphs, and reviews for
recommendation tasks. In contrast to their work, ourmethod eliminates redundant information from
reviews and extracts valuable co-occurrence relationships to enhance CRS for recommendation.
Recently, some works propose new datasets that better reflect real-world scenarios. Liu et al.
[45] present the User Needs-centric E-commerce conversational recommendation dataset, which
comprises fine-grained annotated pre-sales dialogues, user behaviors, and product knowledge
tuples. Guo et al. [21] create the Explainable Recommendation Dialogues dataset with 756 dialogues
and over 2,000 rewritten explanations. Qu et al. [51] first explore Voice-based CRSs (VCRs)
and create two VCRSs benchmark datasets in the e-commerce and movie domains. To depict the
effectiveness of CRS, Siro et al. [61] uncover the factor influencing user satisfaction in CRS, the
system’s ability to make relevant recommendations, based on six aspects: relevance, interestingness,
understanding, task-completion, interest-arousal, and efficiency. In this article, we focus on topic-
based CRS.

2.2 CF
As one of the most commonly used strategies in RS, CF concentrates on previous user behavior and
preferences. Using explicit feedback like star rating and implicit information mined from users’ in-
teractions with items like reviews and browsing history, CF systems can produce recommendations
automatically. Typically, CF techniques can be summarized as two categories [34]. (1) Memory-
based algorithms, also known as the neighborhood approaches, try to estimate similarity between
users or items, and thus establish recommendations based on users with comparable preferences
or items similar to what the target user likes. (2) Model-based algorithms, also known as latent
factor models, integrate CF with machine learning methods, exploiting a model to detect latent
patterns in the dataset and parameterizing entities as embeddings. Despite different approaches
to implementation, the core idea of mining the co-occurrence relationship between entities is
consistent. Matrix Factorization (MF) is key method, evolving from SVD [3] to advanced meth-
ods like PMF, SVD++, and FM for sparse data [31–33, 49, 53]. In recent years, with the rapid
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development of deep learning, models become more and more expressive. Wide and Deep [9],
DeepFM [20], NCF [19], and LRML [64] are representative frameworks combining the advantages
of Deep Neural Networks with CF-related techniques. Then, Cheng et al. [10] design a general
feature-level attention neural network and apply it to CF models. Inspired by widely used Graph
Convolutional Neural Network (GCN) [30] and GraphSage [22], which propose methods to
aggregate information from neighbor nodes, and an augmentation mechanism presented by Xu
et al. [77], NGCF [68] utilizes GCN in CF. LightGCN [24] points out feature transformation and
nonlinear activation play little role in NGCN and thus simplify the framework. In response to the
challenge of data sparsity in GNN-based recommendation systems, Liu et al. [44] integrate entities
from the multimodal data into the user-item interaction graph and incorporate them into the CF
model. Xu et al. [78] propose to study the vulnerability of Graph Learning-based CF and introduce a
defense mechanism to enhance its robustness. Recently FourierKAN-GCF [76] reconsiders the effect
of feature transformation eliminated by LightGCN [24] and proposes a novel model. Another line
of work focuses on the application of CL. Liu et al. [46], SGL [71] and selfCF [95] integrate CL into
CF via graph perturbation and dropout method, while HCCF [73] exploits hypergraph technique
to capture global relations and NCL [42] sufficiently considers information from neighborhood.
Later on, lightGCL [6] utilizes SVD for view embeddings augmentation. Simultaneously, since most
CF methods use ID embeddings, Zhang et al.’s work [85] tries to leverage modality information,
redefining co-occurrence relationships. In consideration of fairness issues in CF, Shao et al. [58]
introduce the Rubin–Neyman framework to estimate the average causal effects of sensitive at-
tributes and incorporate them as a regularization term to ensure fairness. Furthermore, Zhang et al.
[81] quantifies and reduces interaction-wise popularity shortcuts to mitigate popularity bias in CF
models. Since reviews can offer valuable insights into user preferences and mitigate data sparsity
issues, researchers have investigated the integration of reviews with CF. The DeepCoNN model [90]
directly utilizes review-based features for user and item representation. In contrast, CARL [72] and
NARRE [7] refine embedding optimization in the interaction view and review view collaboratively.
The RGCL model [60] introduces a novel technique that combines ID representation with review
features and employs CL to enhance performance. Recently, MAGCL [67] proposes a multi-aspect
CL framework to leverage semantic relationships within reviews, while Zhou et al. [96] introduce
an explainable mechanism designed to extract valuable information from reviews more effectively.
Inspired by the ideas mentioned above, we adequately consider the application of co-occurrence
information and propose a practical method.

3 Method
In this section, we will elaborate on the proposed CoCRS, which is shown in Figure 1. First, in order
to mine the co-occurrence relationships from reviews, we conduct a sentiment-aware user-item
bipartite graph and a relation-aware item-entity heterogeneous graph. Furthermore, we encode the
two graphs to generate embeddings of entities and users in reviews, which serves as a foundation for
incorporating co-occurrences into CRS. Besides, we encode the DBpedia which includes descriptive
information, and use its output to augment the entity embedding by an add operation to generate
entity representations. After that, we distinguish similar users with the same sentiment polarity
and generate the virtual similar user representation to match relevant information in reviews and
dialogue. Later, to better capture the most authentic user preferences, we extract the entities from
the conversation and the review with the same sentiment polarity, and respectively aggregate
their representations in the recent episodes and the entire conversation based on the self-attention
technique to get time-aware user representation. Moreover, we encode the ConceptNet to obtain
word embeddings and aggregate the embeddings of conversation words to generate word-level
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Fig. 1. The overview of our proposed CoCRS. The red line and the green line denote like and dislike in the
sentiment-aware user-item bipartite graph. The single line and the double line denote co-occurrence and
descriptive in the relation-aware item-entity heterogeneous graph.

user representation. Finally, we utilize the gating mechanism to fuse the above user representations
and complete the recommendation task.

For the response generation, we utilize DialoGPT as a base model to complete response genera-
tion. Then, we use the prompt word and fine-tune DialoGPT to generate the response that adapts
the CRS. Besides, in order to prove that the co-occurrence relationship is still beneficial in LLM, we
discuss the limitations of LLM-based CRS and design an experiment to incorporate co-occurrence
relationships into LLM.

3.1 External KG Encoding
The KG enables the system to discover items not mentioned in the dialogue by utilizing the internal
connections within the KG, thereby facilitating the provision of diversified recommendations.
Following previous works [38, 41, 48, 93], we utilize an item-oriented KG (DBpedia [2]) for entity
linking, and then use an R-GCN [54] to encode the relational semantics contained in the KG to
obtain the entity representations as follows:

n(;+1)
4 = f

©­«
∑

A ∈RKG

∑
4′∈EA

4

1
/4,A

W(; )
KG,An

(; )
4′ +W(; )

KGn
(; )
4

ª®¬ , (1)

where W(; )
KG,A ,W

(; )
KG are learnable weights of layer ; for relational semantics, /4,A is a normalization

factor, EA
4 is a set of neighbor nodes for 4 under the relation A and RKG is a relation set. After
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aggregation by Equation (1), we get representations of the entity which include relational semantic
information in DBpedia, denoted as EKG = {n4,1, . . . , n4,<}, where < denotes the number of
entities.

The word in conversations can express specific user preferences. By aggregating word represen-
tation in conversations, specific preferences can be recognized. Therefore, word information can
offer more personalized recommendations. In order to obtain the semantic information of word
tokens, we construct a word-oriented KG via ConceptNet [62] and adopt a GCN [30] to encode:

V(;+1)
2 = ReLU

(
D− 1

2AD− 1
2V(; )

2 W(;+1)
2

)
, (2)

where V(;+1)
2 ∈ R=F×3F are the embeddings of word nodes, =F and 3F respectively express the

number of words and embedding dimension.

3.2 Co-occurrence Relationship Mining
Incorporating co-occurrence relationships from reviews into CRS to enhance the performance of
the system involves a critical step: effectively extracting co-occurrence relationships from reviews.
Typically, reviews contain substantial redundant text, with the elements that truly contribute to
recommendations often being the users, items, entities, and their co-occurrence relationships.
Therefore, we develop a method that explores co-occurrence relationships in reviews from two
levels. By constructing sentiment-aware user-item bipartite graph and relation-aware item-entity
heterogeneous graph, we aim to mine co-occurrence relationships from reviews at the user and
item levels.

3.2.1 Extracting Entities in the Review. In order to filter out redundant information from reviews,
we extract entities mentioned in the reviews. Specifically, we pre-process all reviews using DBpedia
Spotlight [15] to perform entity extraction. DBpedia Spotlight is a tool for automatically annotating
mentions of DBpedia resources in text, providing a solution for extracting entities through DBpedia.
Given a review r = {F8 }<8=1, we can extract : entities EA

:
= {41, 42, ..., 4: } via DBpedia, where F

represents a word and 4 denotes an entity.

3.2.2 Sentiment-aware User-item Bipartite Graph Construction. To thoroughly explore the co-
occurrence relationships between users and items in comments, the utilization of emotional infor-
mation to construct a sentiment-aware user-item bipartite graph is contemplated. This approach
enables the incorporation of emotional information while exploring the co-occurrence interactions
between users and items in comments, thereby mining a fine-grained co-occurrence relationship
between users and items. First, we build a sentiment polarity judgment module, and the sentiment
polarity of each review can be predicted by the transformer-based sentiment discriminator:

score = Sentiment(r), r ∈ RA4E, (3)

where RA4E represents all the reviews, Sentiment(r) represents the sentiment discriminator, pro-
cessing a review r as input, and score represents the sentiment polarity of the review, which is the
user’s emotional information about the movie. The closer a score is to 1, the more the user likes the
movie; the closer a score is to 0, the more the user dislikes the movie. From this, we can construct
the sentiment-aware user-item bipartite graph GS , given by:

GS =< D, A, 8 > 8 ∈ I, D ∈ U , A ∈ RGS , (4)

where I represents the set of items, U represents the set of users in reviews, RGS  = {”?>B8C8E4”,
”=460C8E4”}.

The sentiment and interaction between the reviewer and the item directly reflect the preference of
the reviewer and the co-occurrence relationship. To better capture this preference information and
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the co-occurrence relationship, we use R-GCN to encode the sentiment-aware user-item bipartite
graph GS like Formula (1). After aggregation, we obtain the user embeddings in the review including
the sentiment information and the co-occurrence relationship, denoted by embedding matrices
URS ∈ R=×3 , where = denotes the number of reviewers and 3 denotes the embedding dimension.

3.2.3 Relation-aware Item-entity Heterogeneous Graph Construction. From the entire dataset
of reviews, there is aggregated co-occurrence information between items reviewed by multiple
users. On a sole review, it often includes relevant items and entities, showcasing personalized
co-occurrence information from the users. To mine co-occurrence relationships at the item level,
we construct the relation-aware item-entity heterogeneous graph. First, we utilize the extracted
entities EA

:
from reviews in Section 3.2.1 to serve as the information that users use to describe

the item. Consequently, we establish an edge labeled “descriptive” between the item and the
entities found in the reviews. In addition, when multiple users write reviews for two items, there
is a co-occurrence relationship between the two items. Therefore, we establish an edge labeled
“co-occurrence” between these two items, given by:

GR =< 4, A, 4 > 4 ∈ E, A ∈ RGR , (5)

where RGR  = {”2>->22DAA4=24”, ”34B2A8?C8E4”}, E denotes entities. Similarly, we use another
R-GCN to encode the relation-aware item-entity heterogeneous graph GR like Equation (1). Thus,
we get the entity representations including descriptive information and item representations con-
taining co-occurrence relationships, denoted by embedding matrices EGR ∈ R<×3 , where< denotes
the number of entities and items and 3 denotes the embedding dimension.

The descriptive information contained in the review is personalized and inaccurate. Structured
knowledge graphs are constructed manually and contain accurate descriptive information. In order
to generate entity and item representations that contain co-occurrence and descriptive information,
we add the entity representations EKG obtained from the KG and the entity representations
EGR of the relation-aware item-entity heterogeneous graph to obtain the fused entity and item
representations:

E = EKG + EGR . (6)

3.3 Generating User Representations
Although the aforementioned steps enable a thorough exploration of co-occurrence relationships
in reviews, they are not utilized in recommendation tasks. When integrating co-occurrence re-
lationships into CRS and generating accurate user preferences, two key issues arise: (1) how to
precisely match review users with dialogues, and (2) how to capture precise user preferences from
the entire dialogue. To address these issues, in this section, we construct a virtual similar user to
match co-occurrence relationships in reviews and dialogues. Subsequently, we design a time-aware
mechanism to comprehensively capture user preferences from two distinct temporal dimensions.

3.3.1 Virtual Similar User Representation. We construct virtual similar users for each of the
conversations to incorporate co-occurrences from reviews. First, we use Algorithm 1 to find similar
users from reviews. For each item mentioned in the conversation, the interlocutor expresses an
emotional polarity, positive or negative. Therefore, we find users in the reviews who have the
same sentiment polarity for the item and add them to the set US . The process is shown in the
Algorithm 1. When find all the users with the same sentiment polarity, we get the embeddings U(

of similar users from URS through a lookup operation. Then, we obtain the virtual similar user
representation uB by aggregating U( using self-attention:

uB = Att(U( ) = U( · UB , UB = Softmax(b)B · tanh(WB · U( )), (7)
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Algorithm 1: Finding Similar Users

where WB , bB denote learnable parameters.

3.3.2 Time-aware User Representation. To accurately model users, we capture user preferences
from two different time scales: conversation history and recent conversations. Conversation history
includes dialog interactions from the beginning to the present. Recent conversations include
interactions from the last time the system made a recommendation to the present, which contains
the discussion of the recommendation episodes. Due to the limited number of entities present in the
dialogue, it is challenging to model the conversation across two different time scales. Therefore, we
supplement the conversation with entities and items mentioned in reviews with similar sentiment
polarity. Then, we obtain the entity sequences in the conversation history and recent conversation.
Through a lookup operation, we get the entity embeddings representations Eℎ in the conversation
history and the entity embeddings representations E? in recent conversation.

Given the representations Eℎ and E? , we respectively apply self-attention operation to capture
user preferences from two different time scales, which is given by:

Uℎ = Softmax(b)
ℎ
· tanh(Wℎ · Eℎ)), uℎ = Eℎ · Uℎ , (8)

U? = Softmax(b)? · tanh(W= · E? )), u? = E? · U? , (9)

where W? and Wℎ are parameter matrix, b? and bℎ are learnable vector. Then, we use a gating
mechanism [59] to fuse the user representations uC from two different time scales:

W = f (W5 [uℎ ; u? ]), uC = W · uℎ + (1 − W)u? , (10)

where uC is the fused user representation, W5 denotes learnable parameters, [;] represents the
concatenation operation.

In CRS, user preferences can vary across different times. Therefore, inspired by the work [38], in
order to distinguish items between the conversation history and the recent conversation, we use

1The function isSame(.) checks whether the user and a reviewer share the same polarity for a given item, returning True if
matched and False otherwise.
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isolation loss [38] to separate the item representations, which is calculated as follows:

L8B> =
∑
8!=9

e8e9
|e8 | · |e9 |

, (11)

where e8 and e9 respectively denote the item representations in the conversation history and the
item representations in the recent conversation.

3.3.3 User Representation Fusion. According to Equation (2), we obtain the matrix CB consisting
of the embeddings of all words in the dialogue. Then, we use the self-attention mechanism to
aggregate the representations of words in the dialogue to obtain the word-level representation uc
of the user:

V = Softmax(b)2 · tanh(W2 · CB ), uc = V · Cs, (12)

where W2 , b2 denote learnable parameters. In the preceding sections, we describe how to obtain
the different user representations, including the word-level user representation uc, the virtual
similar user embedding us, and the user representation uC fused at two different time scales. These
three representations complement each other, enabling CoCRS to perform diversified preference
modeling and effectively incorporate co-occurrences into review-based CRS. We merge these three
representations using two gating mechanisms and employ an optimal fusion sequence:

u = gate(u6, u2 ), u6 = gate(uC , uB ), (13)

where gate represents a gating operation similar to Equation (10). The determination of the fusion
sequence and related experiments are presented and analyzed in Section 4.9.

Since entity embeddings come from entity-oriented networks and word embeddings come from
a word-oriented network, there is a semantic gap between them. Inspired by previous works [38,
93], we use alignment loss to close the gap, which is calculated as follows:

L0;8 = `2
u6u2

|u6 | · |u2 |
+ (1 − `2 )

∑
8!=9

u6,8u2,9
|u6,8 | · |u2,9 |

, (14)

where `2 is a hyperparameter, 8 and 9 denote different users.

3.4 Recommendation and Optimization
Given the user representation u and the representation e8 of the recommended item 8 , we can
calculate the probability of the recommended item 8 as follows:

%A42 (8) = Softmax(u) · e8 ). (15)

In order to expedite the process of reducing the semantic gap between word and entity and
emphasizing the representation of items in recent conversations, we pre-train the recommendation
module using alignment loss and isolation loss The joint loss is expressed as follows:

L?A4 = _L0;8 + `L8B> , (16)

where _ ∈ [0, 1] and ` ∈ [0, 1] are hyperparametrics.
Then, we train the recommendation module with cross-entropy loss, which is calculated as

follows:

LA42 = −
∑
D

#A∑
8=1

log %A42 (8), (17)

where #A is the number of recommended items.
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3.5 Response Generation
In this section, we will give an introduction to the response generation model. We adopt the PLM
DialoGPT [87] to build our response generation module. DialoGPT has been pre-trained on the
dialogue dataset and is adept at generation in dialogue. However, since the large number of dialogues
containing items in CRS, the direct use of DialoGPT cannot accommodate the task of response
generation. To address this, we add a special token [ITEM] into the vocabulary to replace the items
within the response, enabling DialoGPT to better adapt to the generation of responses in CRS. Once
the response generation is complete, the [item] token is replaced with the items recommended by
the recommendation module to complete the response generation task. To make the model more
aware of its role as a recommender, we design the prompt words guidance model. Specifically,
we add special tokens [User] and [System] to the front of the sentences for the roles of user and
system. Then, we concatenate all sentences into a long text [C* , G1, . . . , G<, C( , G<+1, . . . , G#6

], where
dialogue history is � = [G1, . . . , G<], generated response is ' = [G<+1, . . . , G#6

], and C* , C( are
special tokens [User] and [System]. The probability of the generated response is calculated as
follows:

%64= (' | �) =
#6∏

==<+1
%64= (G= | G1, . . . , G=−1). (18)

The loss function is set to be:

L64= = − 1
#6

#6∑
==1

;>6%64= (G= |G<=), (19)

where #6 is the length of the generated response.

3.6 LLM with Co-occurrence
Recently, LLMs have exhibited unparalleled capabilities in reasoning and generation [1, 4, 5, 89].
Consequently, LLM-based CRS [18, 70] has attracted significant attention. BiasCRS [69] leverages
predefined cue words with LLM to generate new dialogues, thereby enriching the dataset. RARec
[14] employs a prompt-driven approach to capture user intentions and enhances CRS performance
by retrieving reviews based on these intentions.

However, these methods fundamentally rely solely on the powerful text comprehension and
generation capabilities of LLM. Since LLM has not been trained to learn co-occurrence information
beneficial for recommendations, it is difficult to accurately capture user preferences. Consequently,
their works still fail to capture user preferences relevant to recommendation tasks without co-
occurrence information. Therefore, we attempt to integrate co-occurrence information into LLM-
enhanced CRS. Considering the experimental equipment, we chose T5 and BERT as the LLM for
our experiments.

Consider the dialogue history � = {G1, ..., G=}. We adapt both BERT and T5 for the recommen-
dation task, with BERT serving as the primary example (the implementation for T5 follows the
same process). Specifically, we first encode the dialogue history � using BERT:

u�4AC = Pool(Bert( [G1, ..., G=])). (20)

Subsequently, based on Equations (7) and (13), we derive the aggregated representation of the
virtual similar users DB and the time-aware user representation DC . To enrich BERT’s encoding with
co-occurrence information, we fuse DB , DC and encode representation with BERT u�4AC as follows:

u5 = gate(u�4AC , gate(uC , uB )) . (21)
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Finally, we compute the recommendation probability for item 8 using the fused user representation
u5 :

%A42 (8) = Softmax(u5 · ei), (22)

where 48 is derived from Equation (6), which incorporates co-occurrence information.
In contrast, the baseline approach using only BERT for recommendation computes the probability

as follows:

y? = D�4AC ·W)
8C4<, (23)

where W8C4< is a learnable parameter matrix, with each row representing a learnable item em-
bedding. Each element 8 of the output vector y? corresponds to the predicted score for item 8 . The
implementation for T5 follows an analogous procedure.

During training, we optimize LLM and other modules by cross-entropy loss. For comprehensive
details regarding the experimental outcomes, please refer to Section 4.10.

4 Experiment and Analysis
In this section, we evaluate our CoCRS. First, we introduce our experimental setup, including
datasets, baselines, performance metrics, and implementation details. Then, we show and analyze
the experimental results. Through extensive experiments, we aim to answer the following research
questions:

RQ1: How does CoCRS perform on the recommendation and response generation tasks compared
with baselines?

RQ2 : What are the impacts of different components of CoCRS?
RQ3: What are the benefits of CoCRS in cold-start scenarios?
RQ4: How do different hyperparameter settings impact CoCRS performance?
RQ5: How do different fusion sequences of the three user representations affect the performance

of CoCRS?
RQ6: How do co-occurrences affect the performance of LLM-CRS?
RQ7 : How does CoCRS work when interacting with users?

4.1 Dataset
We verify our CoCRS on three widely used baseline datasets on CRS: REDIAL [36], INSPIRED [23],
and Reddit-Moive [25]. The REDIAL dataset is a CRS English dataset on movie recommendations,
built by the general package workers on Amazon Mechanical Turk, with 10,006 conversations, and
182,150 utterances. Similar to the REDIAL dataset, the INSPIRED dataset is a CRS English dataset
on movie recommendations, but on a smaller scale, with 1,001 conversations, and 35,811 utterances.
Unlike the first two crowdsourced datasets, the Reddit-Movie dataset is derived from movie-related
posts on the Reddit platform, representing the largest conversational movie recommendation
dataset to date. This subset comprises 171,773 dialogues with 180,562 utterances, yielding an
average dialogue length of 2.1023 utterances per conversation. Detailed statistical information is
presented in the Table 1.

4.2 Baselines
Respectively, we assess the performance of our CoCRS on both the recommendation and the
generation task, and compare the results against relevant baseline methods from prior
baselines.
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Table 1. Statistics of the Datasets

Dataset Redial Inspired Reddit-Movie

#Conversations 10,006 1,001 171,773
#Utterances 182,150 35,811 361,124
#Movies 6,281 1,472 26,172

#Avg. utterances 18.2040 35.7752 2.1023

(1) Baselines for Recommendation:
—SASRec [26], a prevalent baseline, integrates self-attention mechanism into sequential
recommender systems, enabling model to leverage historical information and adaptively
fit the density of datasets.

—TextCNN [28] utilizes CNN for semantic analysis, which can also be used to extract user
preferences by encoding dialogue.

— BERT [17] is a widely used PLM for processing natural language in various fields. Due to
the powerful ability to infer, is applied to establish recommendations based on context.

—Baize [75] employs a novel technique called Self-Distill with Feedback and is fine-tuned
based on LLaMA-13B.

—Vicuna [11] is trained by fine-tuning LLaMA-13B on user-shared conversations collected
from ShareGPT.

—DeepSeek-7B-Chat [43] is an advanced 7B-parameter language model trained on an exten-
sive dataset comprising 2 trillion tokens of English and Chinese text.

(2) Baselines for Generation:
—GPT-2 [52] is an auto-regressive model based on the Transformer structure. GPT-2 breaks
the potential of thinking that model can only perform specific tasks without supervised
learning and becomes one of the most commonly used baselines.

—DialoGPT [87] is also an auto-regressive model pre-trained on dialogue corpus. Based on
GPT-2 architecture, DialoGPT uses fewer parameters but is capable of generating more
near-human responses.

(3) Baselines for CRS:
—REDIAL [36] is a model proposed in the REDIAL dataset. It adopts an auto-encoder for
recommendation and HRED [56] for response generation.

—KBRD [8] uses Transformer [65] to build response generation modules and firstly uses
external KGs to enhance entity semantics referred to in conversation history to enhance
user representation.

—KGSF [93] uses two different levels of external KGs to enhance the performance, and uses
the MIM [66] for the semantic space of its two KGs.

—RevCore [47] proposes a framework for review enhancement to improve recommendation
and response generation.

—UCCR [37] usesmultiple aspects of information such as similar users, current conversations,
and historical conversations to comprehensively model users.

—TREA [38] considers causal relationships of entities and proposes a tree-structure reasoning
schema to model user representations.

4.3 Performance Metrics
Based on existing research, we evaluate the performance of the CRS model in both recommendation
and response generation. Regarding the recommendation task, our objective is to determine whether
the model effectively captures user preferences and provides high-quality recommendations. To
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assess this, we employ the following evaluation metrics: Recall@: (: , :  = 10, 50), Mean Reciprocal
Rank@: (MRR@: , : = 10, 50), and NDCG@: (: = 10, 50). These metrics evaluate the extent to
which the top : items recommended by the model align with the actual items provided in real
recommendations.

For the response generation task, we employ both automatic and human evaluation. In the case
of automatic evaluation, we utilize the following metrics: BLEU-2, BLEU-3, and Distinct-= (= = 2,
3, 4). BLEU-2 and BLEU-3 assess the degree of word overlap between the generated conversations
and the real conversations. The Distinct-= exhibits a measure of the diversity in the generated
responses. In the human evaluation, three annotators are invited to rate a score in the range [0, 1, 2]
from three aspects Fluency, Relevance, and Informativeness on a random selection of 100 turns of
dialogue which are from the test set. Finally, the average scores of the three annotators are used to
represent the final result.

4.4 Implementation Details
We train the framework and baselines on 1 GPU NVIDIA 3090 24G card. We use pre-trained BERT
[17] as the backbone model of the sentiment discriminator. Then, we use a linear layer for sentiment
classification. We train our sentiment discriminator on the IMDB movie review dataset [40]. It
is a dataset for binary sentiment classification and includes a set of 25,000 highly polar movie
reviews for training and 25,000 for testing. After the sentiment has demonstrated an accuracy rate
greater than 80% on test datasets, we propose to leverage it to infer the sentiment polarity of our
review data. The dimension of the entity representation is set to 128, the Adam optimizer [29]
is used to optimize the model, and the number of R-GCN network layers is set to 1. We use the
DialoGPT-small model as the base model for generation, which is composed of 12 Transformer
layers, and the embedding dimension is 768. The context and response generation maximum length
are set to 256 and 50, respectively. During recommendation and generation training, we both set
the learning rate to 1e-3 and 1e-5. Alignment loss `2 was set to 0.8, and hyperparameter _ was set
to 0.3. Gradient clipping limits gradient to [0, 0.3]. For every model, we use the same data split. For
UCCR, since the method did not public data processing code for REDIAL and can not be used on
the INSPIRED dataset, we processed the data according to their paper in the REDIAL dataset. For
GPT-2 and DialoGPT, we used the small model. For other baselines, we reproduce their results by
the CRSLab [92].

4.5 Result and Analysis (RQ1)
4.5.1 Recommendation. The experimental results of the recommendation mask on the two

datasets are shown in Table 2. We observe that REDIAL model outperforms the classical rec-
ommendation model SASRec, which uses mentioned items in the conversation to accomplish
recommendations, on the REDIAL dataset. However, on the INSPIRED dataset, REDIAL model
performs worse than SASRec. It means that REDIAL model achieves worse performance on the
INSPIRED dataset than the REDIAL dataset. This could be attributed to the REDIAL model heav-
ily relying on items mentioned in conversations, whereas the items mentioned in the Inspired
dataset are more sparse. TextCNN and BERT outperform REDIAL on both datasets, which might
be because they utilize text information to model user preferences and the amount of text is more
than items. Since BERT has been pre-trained on a large amount of text, BERT is better at language
comprehension and achieves better performance than TextCNN on both datasets. KBRD introduces
external KG and entities to achieve more accurate recommendations than REDIAL, BERT, SAS-
Rec, and TextCNN. KGSF fuses two different levels of KGs to achieve significant improvements.
RevCore enhances user representations by using reviews to improve performance. TREA proposes a
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Table 2. Evaluation Results of Recommendation (C-Test with p-Value < 0.05)

Dataset Model Recall@10 Recall@50 NDCG@10 NDCG@50 MRR@10 MRR@50

REDIAL

SASRec 0.045 0.119 0.022 0.038 0.015 0.019
TextCNN 0.069 0.193 0.037 0.064 0.027 0.033
BERT 0.138 0.308 0.074 0.112 0.055 0.063

REDIAL 0.049 0.144 0.024 0.044 0.016 0.021
KBRD 0.176 0.343 0.094 0.131 0.070 0.078
KGSF 0.199 0.376 0.094 0.137 0.070 0.079

RevCore 0.210 0.394 0.116 0.157 0.088 0.097
UCCR 0.084 0.202 0.049 0.074 0.038 0.043
TREA 0.212 0.416 0.117 0.162 0.088 0.097
Baize 0.170 0.204 0.091 0.099 0.067 0.069
Vicuna 0.184 0.240 0.103 0.116 0.078 0.081

DeepSeek 0.108 0.165 0.057 0.071 0.0423 0.045
CoCRS 0.234 0.424 0.129 0.171 0.097 0.106

INSPIRED

SASRec 0.131 0.262 0.083 0.112 0.069 0.075
TextCNN 0.124 0.217 0.077 0.098 0.063 0.067
BERT 0.169 0.320 0.095 0.127 0.080 0.087

REDIAL 0.045 0.217 0.016 0.052 0.008 0.014
KBRD 0.145 0.229 0.104 0.121 0.091 0.094
KGSF 0.161 0.258 0.107 0.125 0.095 0.099

RevCore 0.188 0.297 0.133 0.156 0.117 0.121
UCCR - - - - - -
TREA 0.203 0.316 0.140 0.165 0.121 0.126
Baize 0.116 0.136 0.067 0.071 0.051 0.052
Vicuna 0.171 0.202 0.107 0.115 0.088 0.090

DeepSeek 0.120 0.141 0.074 0.080 0.060 0.061
CoCRS 0.222 0.359 0.151 0.168 0.134 0.137

Reddit-Movie

SASRec 0.0198 0.0588 0.01082 0.01906 0.0081 0.0097
TextCNN 0.0396 0.1174 0.0200 0.0367 0.0141 0.0175
BERT 0.0510 0.1488 0.0184 0.0226 0.0260 0.0469

REDIAL 0.0001 0.0012 0.00007 0.0003 0.00004 0.00008
KBRD 0.0404 0.1139 0.0210 0.0368 0.0151 0.0184
KGSF 0.0488 0.1325 0.0258 0.0438 0.0189 0.0226

RevCore 0.0498 0.1318 0.0269 0.0446 0.0200 0.0236
UCCR - - - - - -
TREA 0.0394 0.1246 0.0194 0.0376 0.0135 0.0170
Baize 0.0544 0.0683 0.0290 0.0325 0.0213 0.0222
Vicuna 0.0562 0.0813 0.0320 0.0378 0.0246 0.0260

DeepSeek 0.0581 0.0842 0.0314 0.0377 0.0232 0.0248
CoCRS 0.0717 0.1925 0.0377 0.0635 0.0275 0.0328

The bold indicates the best performance.

Tree-structure reasoning approach to clarify the causal relationships between entities and improve
the recommendation results.

As shown in Table 2, our CoCRS significantly outperforms all baselines on two datasets. The
proposed approach demonstrates a remarkable improvement in performance compared to the strong
baseline method TREA in all metrics. The superiority of the CoCRS approach can be attributed to
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two factors: (1) it models the co-occurrence relationship between items in the review to capture
meaningful associations and similarities, while also effectively incorporating the rich descriptions
of the various entities referenced in relation to the items to enhance the semantic understanding of
the item representations. (2) The proposed virtual similar user and time-aware modeling approach
effectively leverages the co-occurrence relationships between users within the review and is able
to more accurately model user preferences. Moreover, compared to RevCore [47], which is another
review-based CRS, our CoCRS consistently achieves better results on all metrics. A potential
explanation could be that RevCore simply carries some of the text from the reviews into the
conversation ignoring the co-occurrence information in the reviews, which limits its ability to fully
mine the provided information for the reviews. Although UCCR constructs a similar user selector, it
only retrieves similar users at the word level. Our model finds similar users by the same sentiment
polarity and constructs a virtual similar user to incorporate the co-occurrences into the CRS.
Therefore, the performance of our model is better than UCCR. For TREA, our model introduces the
latent information of review to enrich entity representations and user representations at multiple
levels, so the effect of accurate recommendation is improved more.

In the Redial dataset, LLMs including Baize, Vicuna, and DeepSeek demonstrate superior perfor-
mance over SASRec, TextCNN, and REDIAL across Recall@10, NDCG@10, and MRR@10 metrics,
benefiting from their powerful language understanding and generation capabilities. However, none
of them can outperform specialized CRS-designed models (e.g., RevCore). Notably, DeepSeek ex-
hibits relatively weaker performance compared to Baize and Vicuna, likely due to its smaller model
parameter. On the Inspired dataset, Baize demonstrates suboptimal performance due to the lengthy
dialogue structure, whereas Vicuna and DeepSeek maintain robust comprehension capabilities
for extended conversations, benefiting from their fine-tuning on conversational datasets. On the
Inspired dataset, Baize exhibits relatively lower performance in handling lengthy conversations,
while Vicuna and DeepSeek, which have been fine-tuned on conversational datasets, maintain
strong comprehension capabilities even with long conversations.

As shown in Table 2, in the Reddit-Movie dataset, despite its large scale, the relatively short
average dialogue rounds lead to suboptimal performance of CRS models, such as TREA, which
relies on tree-structured reasoning of dialogue entities for user modeling. The limited conversation
length prevents TREA from accurately capturing entity tree structures, resulting in performance
degradation. In contrast, LLMs demonstrate robust language understanding capabilities that enable
effective user preference modeling even with brief conversations. However, all these models
underperform compared to CoCRS. CoCRS leverages review data to construct a Relation-aware
Item-entity Heterogeneous Graph, enabling effective modeling of item co-occurrence relationships
even in short conversation scenarios. Furthermore, the framework incorporates virtual similar
users to augment user preference modeling. These design features demonstrate CoCRS’s robust
applicability across larger-scale datasets.

4.5.2 Generation.

Automatic Evaluation. We also evaluate the response generation task as a part of the automatic
evaluation. The results of the automatic evaluation are shown in the Table 3. As evident from the
evaluation results of the automatic metrics, our model exhibits the most favorable performance.
Compared to the models that are not pre-trained, GPT-2 is significantly higher than the other models
in Dist score because it has been pre-trained on a large amount of corpus. DialoGPT has a higher
score in Dist score than GPT-2 due to its pre-training on dialogue data.The BLEU score of these PLMs
is significantly lower than the other models on the REDIAL dataset. This is because the pre-trained
models are not specifically designed for the generation task of CRS, and although they can generate
more expressive responses, they do not necessarily match the ground truth. In the INSPIRED
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Table 3. Evaluation Results of Response Generation (C-Test with p-Value < 0.05)

Dataset Model Dist-2 Dist-3 Dist-4 BLEU-2 BLEU-3

REDIAL

REDIAL 0.0548 0.1905 0.4243 0.0226 0.0069
KBRD 0.0687 0.2562 0.4148 0.0237 0.0087
KGSF 0.0756 0.3020 0.5190 0.0240 0.0090

RevCore 0.2085 0.3348 0.5117 0.0250 0.0105
UCCR 0.0818 0.3289 0.5635 0.0257 0.0106
TREA 0.2197 0.5560 0.8378 0.0280 0.0137
GPT-2 0.7029 1.1230 1.4299 0.0106 0.0052

DialoGPT 0.7206 1.1878 1.5412 0.0121 0.0056
CoCRS 0.8679 1.3667 1.6791 0.0310 0.0171

INSPIRED

REDIAL 0.4060 1.2260 2.2050 0.0013 0.0001
KBRD 0.5670 2.0170 3.6210 0.0205 0.0064
KGSF 0.6080 2.5190 4.9290 0.0196 0.0049

RevCore 3.0850 4.6020 5.3410 0.0202 0.0112
UCCR - - - - -
TREA 1.6420 3.8480 6.2530 0.0206 0.0079
GPT-2 3.8822 5.6312 6.4166 0.0211 0.0104

DialoGPT 3.9062 5.7562 6.7025 0.0216 0.0107
CoCRS 4.6667 6.4334 6.8885 0.0263 0.0144

Reddit-Movie

REDIAL 0.0083 0.0105 0.0115 0.0475 0.0225
KBRD 0.0407 0.1833 0.3636 0.0585 0.0173
KGSF 0.0253 0.0260 0.0249 0.1004 0.0514

RevCore 0.0713 0.0785 0.0788 0.0988 0.0515
UCCR - - - - -
TREA 0.0192 0.0246 0.0310 0.0109 0.0018
GPT-2 0.4421 0.6880 0.8654 0.0477 0.0386

DialoGPT 0.6149 0.8947 1.0674 0.2268 0.2084
CoCRS 0.8547 1.2512 1.4503 0.2450 0.2315

The bold indicates the best performance.

dataset, the PLMs have a good BLEU score but still lower than CoCRS, because the INSPIRED
is a small-size dataset and has less noise, which makes it easier for PLMs to learn and generate
more accurate responses. This indicates that the pre-trained model cannot be directly used for the
response generation task of CRS. On the Reddit-Movie dataset, TREA demonstrates notably poor
performance in generation tasks due to the short conversation length. Other models exhibit trends
consistent with their performance observed in both the Redial and Inspired datasets. Instead, our
model adds specific prompt words to the dialogue and fine-tunes the model to make it more suitable
for the CRS response generation task. Thus, it can generate more diverse and matching responses.
Human Evaluation. The results of the human evaluation for response generation are reported

in Table 4. Compared to other baselines, CoCRS exhibits the most favorable performance. This
indicates that the prompt words and fine-turning help guide the PLM to adapt to the response
generation task in CRS. The prompt words enable the PLM to clarify its role in CRS and the fine-
tuning enables the PLM to adapt to the response-generation task of CRS to generate more fluent,
relevant, and informative responses.

4.6 Ablation Study (RQ2)
To evaluate the effectiveness of various components in our model, we conducted an ablation study.
We focused on the following parts and performed ablation experiments: (1) F/> '� : Removal
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Table 4. Human Evaluation Results on the REDIAL
Dataset

Model Relevance Fluency Informativeness

RevCore 1.153 1.880 1.076
UCCR 1.264 1.623 1.068
TREA 1.222 1.931 1.059
GPT2 1.572 1.709 1.239

DialoGTP 1.538 1.743 1.290

CoCRS 1.726 1.940 1.367

The bold indicates the best performance.

Table 5. Ablation Results of Recommendation (C-Test with p-Value < 0.05)

Dataset Model Recall@10 Recall@50 NDCG@10 NDCG@50 MRR@10 MRR@50

REDIAL

CoCRS 0.2340 0.4241 0.1291 0.1714 0.0971 0.1063
w/o RG 0.2195 0.4119 0.1200 0.1616 0.0884 0.0973
w/o SU 0.2212 0.4202 0.1223 0.1666 0.0924 0.1020
w/o TA 0.2167 0.4071 0.1172 0.1595 0.0870 0.0962

INSPIRED

CoCRS 0.2223 0.3554 0.1537 0.1844 0.1346 0.1409
w/o RG 0.2187 0.3200 0.1525 0.1743 0.1317 0.1361
w/o SU 0.2188 0.3515 0.1460 0.1749 0.1235 0.1294
w/o TA 0.2187 0.3125 0.1408 0.1612 0.1164 0.1206

Reddit-Movie

CoCRS 0.0717 0.1925 0.0377 0.0635 0.0275 0.0328
w/o RG 0.0670 0.1761 0.0347 0.0582 0.0247 0.0295
w/o SU 0.0690 0.1801 0.0351 0.0591 0.0249 0.0298
w/o TA 0.0699 0.1846 0.0365 0.0593 0.0260 0.0300

The bold indicates the best performance.

of relation-aware item-entity heterogeneous graph. (2)F/> (* : Removal of virtual similar user.
(3) F/> )�: Removal of time-aware preferences modeling and retaining the conversation history
modeling. The experimental results are shown in the Table 5. It can be observed that removing
these modules has an impact on the performance of the model, indicating that our proposed
approach is effective in improving the model’s performance. In particular,F/> )� shows a sharp
decline in performance for all metrics. This observation highlights the importance of modeling
users from two different time scales. By incorporating the different time-scales user representation,
CoCRS is able to effectively model the users’ real-time preferences and interests, which tend to
evolve over time. In contrast, a system that solely relies on the conversation history may struggle
to fully capture the nuanced and time-varying user preferences. The performance of CoCRS
F/> (* has declined. This indicates that the construction of virtual similar users can help address
the mismatch between review users and dialogue users. By incorporating the user preference
information including the co-occurrence relationships in reviews into the current dialogue context,
the proposed approach is able to enhance the performance of the CRS. Besides, there is also a
decrease in the performance of F/> '� , which demonstrates that indeed effective in extracting
the co-occurrence relationships between items from the review, and utilizing this information to
supplement the item representations.
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In the Reddit-Movie dataset, the relatively short conversation turns result in a significant overlap
between the conversation history and current conversation, leading to a smaller performance drop
in theF/> )�. TheF/> (* shows the next most moderate decline, as the brief conversations mean
some conversation users lack similar users, thereby limiting this module’s effectiveness. Notably,
the F/> '� exhibits the most substantial performance degradation, which further validates the
effectiveness of our approach in mining co-occurrence information from reviews.

4.7 Results on Cold-start Scenarios (RQ3)
The cold-start problem is a critical issue that is widely prevalent in the context of Recommender
Systems. This challenge arises when the system is required to provide recommendations to new
users or users with limited interaction history. In a typical CRS scenario, many users will engage
the system to request item recommendations within the first few rounds of the conversation. As
such, it is essential to evaluate the system’s performance in cold-start situations. To effectively
simulate and study the cold-start problem, we consider the situation where the number of dialogue
rounds between the user and the CRS is restricted. Importantly, it is recognized that the number of
available dialogue rounds may vary across different cold-start users, depending on their individual
cases and behaviors. Therefore, we simulate the cold-start scenario by considering the dialogue
history ranging from the currently recommended item up to the previous : rounds (:  = 0, 1, 2, 3,
4, 5). In the context of conversational interactions, a single round is defined as one question from
the user followed by one response from the system. When : = 0, it is a cold-start user with no
historical dialogue information. By exploring this range of dialogue history lengths, the research is
able to systematically investigate the CRS performance under varying degrees of cold-start users,
which is a key characteristic of the cold-start problem.

The results of the cold-start scenario evaluation are presented in Figure 2. The findings demon-
strate that the proposed CoCRS approach outperforms the TREA baseline across the range of
dialogue history lengths examined. Notably, when the number of dialogue rounds is limited, the
TREA method exhibits relatively poor performance. This can be attributed to the fact that TREA
constructs a tree-structured representation to model the user’s preferences by reasoning about the
relationships between the entities mentioned in the conversation. However, when the available
dialogue history is scarce, TREA struggles to capture valid and meaningful structures from the
limited entity sequence, which ultimately impairs its ability to provide accurate recommendations
in the cold-start setting. The proposed CoCRS approach leverages the co-occurrence relationships
between items mentioned in reviews to enrich the item representations, thereby incorporating
valuable prior information into the item embeddings. As a result, even in the cold-start scenario with
: = 0, where there is no contextual information available, CoCRS is still able to provide relatively
accurate recommendations. As the dialogue history increases (: > 0), the interactive information
contained in the conversation also grows. CoCRS is able to leverage the sentiment polarity of the
items mentioned in the dialogue and user co-occurrences in reviews to construct a virtual user
representation, supplementing the user’s preferences. Consequently, the performance of CoCRS
improves as the dialogue history becomes more extensive. When the dialogue history is longer
(such as : > 4), the time-aware mechanism employed by CoCRS models the user’s preferences
from two different time scales, allowing the system to maintain its strong performance even with a
longer dialogue history.

4.8 Hyperparameter Experiments (RQ4)
In this section, we conduct an investigation into the influence of hyperparameters _ and ` associated
with two loss functions on CoCRS.
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Fig. 2. Results of cold-start scenarios on the ReDial dataset.

The Weight _ of Alignment Loss. Based on the observations derived from the first row of the
Figure 3, we can find that when _ is set to 1, all the evaluation metrics attain their optimal values.
Conversely, when _ is set to 0, indicating that the alignment loss is not used to guide the model,
the performance deteriorates significantly. Additionally, the model’s performance demonstrates an
increasing trend as _ increases. We speculate that a substantial semantic gap exists between words
and entities, and the utilization of alignment loss effectively aligns their respective semantic spaces,
thereby mitigating this disparity. Consequently, as _ grows larger, the alignment loss assumes a
more critical role in enhancing the model’s performance.

TheWeight ` of Isolation Loss. As illustrated in the second row of the Figure 3, we can observe that
a low value of `, i.e., 0.3, is sufficient for CoCRS to achieve satisfactory performance. In contrast,
increasing the value of ` leads to a decline in performance. This phenomenon can be attributed
to isolation loss, which facilitates the model’s more distinct perception of recent conversations.
When ` is set to a larger value, the model excessively prioritizes recent conversations, disregarding
the history conversation. It hampers the effective modeling of user preferences from two-time
scales. Besides, setting ` to 0, which removes the isolation loss, results in CoCRS being unable to
differentiate between the conversation history and recent conversation, leading to a decline in
performance. Accordingly, we empirically set ` to 0.3.
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Fig. 3. Hyperparameter experiments.

4.9 Fusion Sequence Effect (RQ5)
In this section, we conduct experiments to investigate the impact of the fusion order among the
various user representations on the performance of the CoCRS model. The user representations
considered include the word-level user representation D2 , the virtual similar user representation
DB , the user representation Dℎ based on the conversation history, and the user representation D?
based on the recent conversation. We use the notations, , � , ( , and ' to represent D2 , Dℎ , DB , and
D? , respectively. The order of appearance indicates the fusion order. For instance, '�(, means
that we first fuse D? and Dℎ using a gate, then fuse the result with DB , and finally fuse with Dℎ . Due
to the constraints of the time-aware mechanism employed by CoCRS, Dℎ and D? need to be fixed.
Consequently, there are a total of 3 fusion orders to explore. Additionally, to investigate the impact
of disrupting the time-aware mechanism, we also conducted an experiment with the (�,' order.
The experimental results for these fusion order configurations are presented in the Table 6.

Based on the experimental results, we observe that the '�(, configuration achieved the best
performance. This seems reasonable since the time-aware mechanism employed by CoCRS models
the user preferences across multiple temporal scales using the entities and items mentioned in the
dialogue. Compared with the word-level representation D2 , the virtual similar user representation
DB and the output of the time-aware mechanism have a smaller semantic gap, as DB is constructed
using the sentiment polarity of the items. Therefore, the fusion of '�(, is more effective. In the
'�,( order, the fusion of D2 and the output of the time-aware mechanism happens first. Since
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Table 6. Fusion Sequence on the REDIAL Datasets (C-Test with p-Value < 0.05)

Model Recall@10 Recall@50 NDCG@10 NDCG@50 MRR@10 MRR@50

'�(, 0.2340 0.4241 0.1291 0.1714 0.0971 0.1063
'�,( 0.2241 0.4159 0.1229 0.1654 0.0921 0.1012
,('� 0.2195 0.4227 0.1223 0.1672 0.0927 0.1023
(�,' 0.2125 0.4015 0.1157 0.1577 0.0863 0.0954

The bold indicates the best performance.

Fig. 4. BERT and T5 with co-occurrences on both datasets.

the semantic gap between the entity-level and word-level representations is larger, it leads to a
decline in performance. For the,('� order, the fusion of D2 and DB happens first. Although there
is still a semantic gap, it is smaller compared to the '�,( case. This seems reasonable since DB
is constructed based on the sentiment polarity of the items in the reviews and dialogue. So DB is
similar to D2 . Consequently, the performance of,('� is better than '�,( . Finally, the (�,'

order disrupts the time-aware fusion of Dℎ and D? . Hence, it exhibits the worst performance among
the configurations.

4.10 LLMWith Co-occurrences (RQ6)
In this section, we validate BERT and T5 with Co-occurrences on two datasets. Additionally, as a
comparison, we directly input the conversation history into BERT and T5 for recommendation.
Specifically, we respectively use BERT and T5 as encoders and input the entire conversation into the
encoder. Then, we put the output of the encoder into a linear layer to calculate the recommendation
probability for each item. Finally, we choose items for recommendation based on probabilities
in descending order. For incorporating co-occurrences into BERT and T5, we also use them as
encoders. Then, we utilize the output of the encoder to replace the word-level user representation
in CoCRS, while the rest follows the flow of CoCRS. The experimental results are illustrated in the
Figure 4.

The superior performance of BERT over T5 is evident across both datasets. This discrepancy can
be attributed to T5’s expertise in converting questions into textual formats. We involve directly
employing T5 as an encoder and connecting it to downstream linear layers for recommendation,
failing to fully exploit the capabilities of T5. In contrast, BERT which is the encoder-only structure
proves more effective in capturing user preferences. Following the integration of co-occurrence
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Fig. 5. A case study for the CoCRS process.

information, both LLMs exhibit substantial performance improvements. This observation high-
lights the beneficial role of co-occurrence information in assisting LLMs in learning the similarity
relationships among items and modeling user preferences. Despite LLMs’ remarkable language
abilities, their performance in recommendation systems remains suboptimal. Nevertheless, by
incorporating co-occurrence relationships, we can overcome the limitations of LLMs in this domain
and construct a more potent LLM specifically designed for recommendation tasks.

4.11 Case Study (RQ7)
To illustrate the ability of CoCRS to generate high-quality recommendations, we present a case,
which includes the workflow of CoCRS and the recommendation results of CoCRS and RevCore,
on the REDIAL dataset. As shown in Figure 5, when the user requests service from the system
and expresses a preference for “crime” movies, the system initially recommends two crime movies,
“Taken” and “Desperado.” However, the user expresses dislike for these two movies. In response
to this feedback, the system identifies users who dislike these movies from the review database
and retrieves corresponding user embeddings from the sentiment-aware user-item bipartite graph.
Subsequently, the system aggregates these embeddings to generate a virtual user representation.
Then, the user explains the reasons for dislike and expresses a preference for “old” movies. At this
point, the system respectively models user preferences based on entities and movies mentioned in
the entire conversation history and the current episode. Based on the above processing, the system
accurately recommends the movie, i.e., “True Lies” and “Ronin,” which is consistent with the ground
truth. Finally, the system generates the response to reply to the user.

From the recommended results, it is evident that CoCRS suggests exclusively “crime” movies,
demonstrating the system’s accurate capture of the user’s preference for “crime.” Furthermore,
CoCRS’s time-aware method precisely identifies that the user prefers older movies. Consequently,
the movies recommended by CoCRS have relatively earlier production dates. However, the top
movie recommended by RevCore has appeared in the conversation history. This indicates that while
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RevCore has learned about the user’s preference for crime movies, it has not captured the user’s
dislikes and preference for older movies. Additionally, RevCore’s recommendation list includes
movies of other genres, such as comedy. The possible reason is that the method of RevCore, which
simply moves words and entities in the reviews to the end of the conversation, introduces some
noise about “comedy”. Therefore, these results validate the effectiveness of our proposed approach
CoCRS in accurately modeling user preferences.

4.12 Complexity Discussion
The computational complexity of our method in primarily consists of R-GCN operations on graph
structures, finding similar users, virtual similar user representation, time-aware user representation
and GCN operations on ConceptNet. Following prior works [38, 47, 93], we use a single-layer
R-GCN, layer ! = 1, for graph encoding. Therefore, the time complexity of our approach can be
simplified as:

$
(
( |'KG | · |�KG | + |+KG | + |�GR | + |+GR | + |�GS | + |+GS | + #2 + =US + !ℎ8B + !2DA ) · 32

)
, (24)

where 'KG denotes the number of distinct relation types in KG, �KG and +KG denote the number
of edges and nodes in KG, �GR and �GS denote the number of edge in GR and GS , +�'

and +�(

denote the number of node in GR and GS , 3 is embedding dimension. where ' denotes the number
of distinct relation types in KG, =US denotes the number of similar users, !ℎ8B and !2DA denote
the number of entities in conversation history and in current conversation, #2 and �2 denote the
number of nodes and edges in ConceptNet, 3 is embedding dimension.

Additionally, we have computed the time complexity for both TREA and RevCore. The time
complexity of TREA is given as follows:

$
(
( |'KG | · |�KG | + |+KG | + #2 + !1A0=) · 32 + |�2 | · 3

)
, (25)

where !1A0= denotes the construction of the reasoning tree. The time complexity of RevCore is
given as follows:

$
(
( |'KG | · |�KG | + |+KG | + #2 + !ℎ8B ) · 32 + |�2 | · 3

)
. (26)

The computational complexity is primarily dominated by KG, as the dimensionality d is typically
constrained to a limited size (e.g., 128), while the scale of relationship 'KG and edge �KG prod-
ucts in the KG exceeds that of GR and GS , and other components. Furthermore, the GR and GS
construction process is completed once during the pre-processing stage and does not participate
in training, thus it does not contribute to the computational complexity. Therefore, the additional
computational complexity introduced by our model is acceptable while simultaneously achieving
superior performance.

5 Conclusion
In this article, we propose a framework to mine the Co-occurrence relationship in review and
model users from two-time scales to improve CRS. Our framework aims to augment the entity
representations with co-occurrence relationship information and model user preference with the
virtual similar user and time-aware user representation. In particular, we construct a relation-
aware item-entity heterogeneous graph for item representations and a sentiment-aware user-item
bipartite graph to generate a virtual similar user. Then we model the user preference by the virtual
similar user and the time-aware mechanism which captures user preferences from the two-time
dimensions of conversation history and recent conversations. Extensive experimental results show
that our method outperforms several baselines.
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