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Conversational Recommendation through Language Models

Conversational Recommender Systems (CRS) are designed to jointly tackle two sub-tasks: 1) generating natural language responses to interact with the user
(conversation); and 2) recommending desirable items to user based on dialogue context (recommendation). CRS can be classified into attribute-based methods:
collecting use preference on items attributed to narrow down the item recommendation space ; and generation-based methods: acquiring feedback from users
through natural language exchanges. We focus on generation-based CRS.

Jointly modelling language generation and item recommendation is not straightforward. Prior work typically use a knowledge graph (KG) containing items
semantics and a graph neural network (GNN) to learn items representations. Language generation is learned through a language model (LM). The GNN and
LM being optimized independently, the whole system suffers from inconsistency between items representations and words representations.

Attempts to fix this inconsistency, like UNICRS, require training for multiple stages to unify both semantic spaces. Recent work MESE bypasses the need for a
KG, but still fine-tunes several pre-trained LMs (two DistilBERT and a GPT-2).

In this work, we propose the first truly unified CRS: fine-tuning a single LM (GPT-2) through a single training stage.
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Recommendation Results
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append the top re-ranked item to the context to prompt response generation.
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