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Abstract  Traditional recommendation systems can only estimate user preferences and model user
preferences on items from past interaction history, thus suffering from the limitations of obtaining
real-time and fine-grained user preferences. Conversational recommendation systems (CRS),
which introduce conversational technology into recommendation systems, provide a new solution
to this problem in recent years. Unlike traditional recommendation systems which, due to their
static way of working, cannot answer what the user’s current preferences are and what the user’s
reasons are for buying an item, CRS are interactive recommendation systems, which have the
advantage of dynamically interacting with users and obtaining their real-time preferences in the
process of interaction, understanding what they currently like and what their reasons are for
liking an item, thus allowing the recommendation system to quickly understand the user’s intent

and make recommendations that the user desires, enhancing the user’s experience and trust in the
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system. However, current CRS studies more often uses positive feedback on the granularity
of attributes given by the user to model the user’s real-time preferences, ignoring the impact of
negative user feedback on modeling the user’s real-time preferences, but negative feedback is an
important part of user feedback and can also indicate real-time user preferences, making it difficult to
make fine-grained corrections to the user preference representation, which means it is difficult to
effectively balance the relationship between users’ long-term preference and real-time preference.
At the same time, current state-of-the-art work in the field only takes advantage of the natural
advantages of graph structure to limit the size of the attribute candidate set, which suffers from
the problem of too many interaction rounds due to the large attribute candidate set. To address
the problems mentioned above, we propose a conversational recommendation model NCPR based
on the classical conversational recommendation framework CPR, which can make full use of all
feedback given by the user during the interaction to correct the user’s preference representation,
including positive feedback at the attribute granularity, negative feedback at the attribute granularity,
and negative feedback at the item granularity. In addition, CPR models conversation recommendation
as a path inference problem on a graph, i. e. CRS can only select attribute nodes adjacent to the
current node to ask the user. This approach helps CRS to limit the size of the attribute candidate
set in a single round of decision making. NCPR uses an attribute-based collaborative filtering
algorithm to reorder the attribute candidate set based on negative feedback from the attribute
granularity, i. e. removing those attributes in the attribute candidate set that are similar to those
rejected by the user, which can further reduce the candidate attribute space size while taking
advantage of the natural advantages of graph structure to limit the size of the attribute candidate
et. Experimental results on four benchmark CRS datasets show that the proposed method signif-
icantly outperforms state-of-the-art baselines in terms of both evaluation metrics. In addition,
we design and implement a web-side conversational recommendation system that interacts with
online users to generate recommendation results, demonstrating the effectiveness of NCPR in a
real-world conversational recommendation scenario.

Keywords conversational recommendation systems; reinforcement learning; interactive negative
feedback; knowledge graph; collaborative filtering
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Background

Traditional recommendation systems work in a static
way, only mining user interests and modeling user preferences
from interaction history. This static way of working leads to a
certain flaw in traditional recommender systems, i. e. they cannot
answer two questions: what do users like at the moment, and
what are the reasons why they like an item. Conversational
recommendation systems can dynamically interact with users
by introducing conversational technology and get real-time
feedback from them during the interaction, so that when the
system does not know what a user likes and why they like an
item, it can simply ask the user directly. However, current
CRS studies more often uses positive feedback on the granularity
of attributes given by the user to model the user’s real-time
preferences, ignoring the impact of negative user feedback on
modeling the user’s real-time preferences, but negative feed-
back is an important part of user feedback and can also indicate
real-time user preferences. making it difficult to make fine-
grained corrections to the user preference representation, which
means it is difficult to effectively balance the relationship
between users’ long-term preference and real-time preference.
At the same time, current state-of-the-art work in the field
only takes advantage of the natural advantages of graph

structure to limit the size of the attribute candidate set,

which suffers from the problem of too many interaction
rounds due to the large attribute candidate set.

In this paper, we propose a new conversational recom-
mendation model, NCPR, to address the problem that current
research work does not fully exploit negative feedback during
user interaction. Compared to those conversational recom-
mendation models that use users’ online feedback as inde-
pendent features or training instances, NCPR can effectively
exploit the negative feedback given by users to help reorder
attribute candidate sets while obtaining more negative samples
of attribute granularity for online updating of user preference
representations. In this paper, we analyse and validate
through a series of experiments on four benchmark datasets
that NCPR outperforms current state-of-the-art baseline models
in terms of both recommendation accuracy and average inter-
action rounds. Finally, we design and implement a web-
based conversational recommendation system to demonstrate
the effectiveness of NCPR in a real-world conversational
recommendation scenario.
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