
















Large Language Models as Zero-Shot Conversational Recommenders CIKM ’23, October 21–25, 2023, Birmingham, United Kingdom

themost popular items such as The Shawshank Redemption appear

around 5% times on ReDIAL and around 1.5% times on Reddit.

Compared to the target datasets, LLMs recommendations are more

concentrated on popular items, which may cause further issues like

the bias amplification loop [8]. Moreover, the recommended popular

items are similar across different datasets, which may reflect the

item popularity in the pre-training corpus of LLMs.

Finding 11 - Recommendation performance of LLMs is sensi-

tive to geographical regions. Despite the effectiveness in general,

it is unclear whether LLMs can be good recommenders across vari-

ous cultures and regions. Specifically, pre-trained language models’

strong open-domain ability can be attributed to pre-training from

massive data [5]. But it also leads to LLMs’ sensitivity to data distri-

bution. To investigate LLMs recommendation abilities for various

regions, we take test instances from the Reddit dataset and obtain

the production region of 7,476 movies from a publicly available

movie dataset 13 by exact title matching, then report the Recall@1

for the linked movies grouped by region. We only report regions

with more than 300 data points available to ensure enough data to

support the result. As shown in Figure 9 the current best model,

GPT-4’s performance on recommendation is higher for movies pro-

duced in English-speaking regions. This could be due to bias in the

training data - the left of Figure 9 show item on Reddit forums are

dominated by movies from English-speaking regions. Such a result

highlights large language model’s recommendation performance

varies by region and culture and demonstrates the importance of

cross-regional analysis and evaluation for language model-based

conversational recommendation models.

6 RELATEDWORK

ConversationalRecommendation.Conversational recommender

systems (CRS) aim to understand user preferences and provide per-

sonalized recommendations through conversations. Typical tradi-

tional CRS setups include template-based CRS [13, 26, 37, 38, 70]

and critiquing-based CRS [9, 42, 67]. More recently, as natural lan-

guage processing has advanced, the community developed "deep"

CRS [10, 41, 64] that support interactions in natural language. Aside

from collaborative filtering signals, prior work shows that CRS

models benefit from various additional information. Examples in-

clude knowledge-enhanced models [10, 74] that make use of ex-

ternal knowledge bases [1, 47], review-aware models [49], and

session/sequence-based models [43, 76]. Presently, UniCRS [64], a

model built on DialoGPT [69] with prompt tuning [4], stands as the

state-of-the-art approach on CRS datasets such as ReDIAL [41] and

INSPIRED [22]. Currently, by leveraging LLMs, [16] proposes a new

CRS pipeline but does not provide quantitative results, and [63]

proposes better user simulators to improve evaluation strategies in

LLMs. Unlike those papers, we uncover a repeated item shortcut in

the previous evaluation protocol, and propose a framework where

LLMs serve as zero-shot CRS with detailed analyses to support our

findings from both model and data perspectives.

Large Language Models. Advances in natural language process-

ing (NLP) show that large language models (LLMs) exhibit strong

13https://www.kaggle.com/datasets/rounakbanik/the-movies-dataset

generalization ability towards unseen tasks and domains [5, 12, 65].

In particular, existing work reveals language models’ performance

and sample efficiency on downstream tasks can be improved sim-

ply through scaling up their parameter sizes [35]. Meanwhile, lan-

guage models could further generalize to a wide range of unseen

tasks by instruction tuning, learning to follow task instructions in

natural language [52, 57]. Following these advances, many works

successfully deploy large language models to a wide range of down-

stream tasks such as question answering, numerical reasoning, code

generation, and commonsense reasoning without any gradient up-

dates [5, 35, 44, 72]. Recently, there have been various attempts by

the recommendation community to leverage large language mod-

els for recommendation, this includes both adapting architectures

used by large language models [14, 19] and repurposing existing

LLMs for recommendation [39, 48, 62]. However, to our best knowl-

edge, we are the first work that provides a systematic quantitative

analysis of LLMs’ ability on conversational recommendation.

7 CONCLUSION AND DISCUSSION

We investigate Large Language Models (LLMs) as zero-shot Conver-

sational Recommendation Systems (CRS). Through our empirical

investigation, we initially address a repetition shortcut in previous

standard CRS evaluations, which can potentially lead to unreliable

conclusions regarding model design. Subsequently, we demonstrate

that LLMs as zero-shot CRS surpass all fine-tuned existing CRSmod-

els in our experiments. Inspired by their effectiveness, we conduct a

comprehensive analysis from both the model and data perspectives

to gain insights into the working mechanisms of LLMs, the charac-

teristics of typical CRS tasks, and the limitations of using LLMs as

CRS directly. Our experimental evaluations encompass two publicly

available datasets, supplemented by our newly-created dataset on

movie recommendations collected by scraping a popular discussion

website. This dataset is the largest public CRS dataset and ensures

more diverse and realistic conversations for CRS research. We also

discuss the future directions based on our findings in this section.

On LLMs. Given the remarkable performance even without fine-

tuning, LLMs hold great promise as an effective approach for CRS

tasks by offering superior content/contextual knowledge. The en-

couraging performance from the open-sourced LLMs [11, 68] also

opens up the opportunities to further improve CRS performance via

efficient tuning [3, 28] and collaborative filtering [36] ensembling.

Meanwhile, many conventional tasks, such as debiasing [8] and

trustworthy [17] need to be revisited in the context of LLMs.

On CRS. Our findings suggest the systematic re-benchmarking of

more CRS models to understand their recommendation abilities and

the characteristics of CRS tasks comprehensively. Gaining a deeper

understanding of CRS tasks also requires new datasets from diverse

sources e.g., crowd-sourcing platforms [22, 41], discussion forums,

and realistic CRS applications with various domains, languages,

and cultures. Meanwhile, our analysis of the information types

uncovers the unique importance of the superior content/context

knowledge in LLMs for CRS tasks; this distinction also sets CRS

tasks apart from traditional recommendation settings and urges us

to explore the interconnections between CRS tasks and traditional

recommendation [21] or conversational search [2] tasks.
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