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Abstract

Conversational recommender systems (CRSs)
enhance recommendation quality by engaging
users in multi-turn dialogues, capturing nu-
anced preferences through natural language in-
teractions. However, these systems often face
the false negative issue, where items that a user
might like are incorrectly labeled as negative
during training, leading to suboptimal recom-
mendations. Expanding the label set through
data augmentation presents an intuitive solu-
tion but faces the challenge of balancing two
key aspects: ensuring semantic relevance and
preserving the collaborative information inher-
ent in CRS datasets. To address these issues,
we propose a novel data augmentation frame-
work that first leverages an LLM-based seman-
tic retriever to identify diverse and semantically
relevant items, which are then filtered by a rele-
vance scorer to remove noisy candidates. Build-
ing on this, we introduce a two-stage training
strategy balancing semantic relevance and col-
laborative information. Extensive experiments
on two benchmark datasets and user simula-
tors demonstrate significant and consistent per-
formance improvements across various recom-
menders, highlighting the effectiveness of our
approach in advancing CRS performance. 1

1 Introduction

Conversational recommender systems (CRSs) pro-
vide recommendations by engaging users in multi-
turn dialogues, capturing preferences through natu-
ral language interactions. This allows for explicit
feedback and a nuanced understanding of user pref-
erences (Gao et al., 2021; Jannach et al., 2021). As
a result, CRSs are considered the next-generation
recommender systems (Lin and Zhang, 2023; Chen
et al., 2024).

A CRS typically consists of a recommender re-
sponsible for producing recommendations and a
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Could you recommend a 
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Figure 1: Comparison of existing and our proposed train-
ing processes. In the existing process, only one "silly
cop movie" is labeled as positive, leading to unsatisfac-
tory recommendations. Our approach considers multi-
ple “silly cop movies” in the first training stage and uses
the original label in the second training stage, which
helps the recommender recommend “silly cop movies”
while preserving collaborative information, such as the
co-occurrence pattern of “Super Troopers” and “Lethal
Weapon”. The user finally accepted “Lethal Weapon”
and “Police Academy”.

dialogue generator tasked with generating the con-
versation. While recent advances in large language
models (LLMs) have alleviated the challenges asso-
ciated with generating the conversation (Qin et al.,
2024), significant challenges remain in optimizing
the recommender. Figure 1 illustrates a typical ex-
ample of training a recommender, as commonly
used in previous works. In this example, when a
user requests “silly cop movies”, the recommender
provides only one movie as a recommendation.
This user query and the recommended movie are
treated as an input-label pair to train the recom-
mender. However, this approach does not account
for other movies that the user might also be in-
terested in, particularly other “silly cop movies”.
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Consequently, the recommender fails to suggest
suitable movies, reducing the overall user experi-
ence. This issue is known as the “false negative
issue” in traditional recommender systems (Ding
et al., 2020; Liu et al., 2023; Wei et al., 2024),
where items that a user might like are incorrectly
labeled as negative during training. However, to
the best of our knowledge, this issue has received
limited attention in the context of CRS.

Expanding the label set is an intuitive solution to
mitigate the false negative issue (Wei et al., 2024;
Liu et al., 2023). This approach incorporates ad-
ditional items into the training process, enriching
the label set. However, CRS datasets pose two
unique challenges for data augmentation: ensuring
semantic relevance and preserving collaborative
information.

Firstly, CRS datasets are rich in semantic infor-
mation (He et al., 2023). Augmented labels should
be diverse and semantically relevant to the dialogue
context. For example, if a user requests a “silly cop
movie”, movies featuring a silly cop theme should
be considered semantically relevant. LLMs excel
at understanding and generating semantically rel-
evant content, making them well-suited for this
task. By analyzing the dialogue context and item
descriptions, LLMs can identify multiple seman-
tically relevant items, effectively broadening the
label set. However, relying solely on semantic rele-
vance risks overlooking collaborative information,
such as commonalities and trends among different
users, which play an important role in effective
recommendations (Zhu et al., 2024; Zhang et al.,
2023; He et al., 2024).

Secondly, collaborative information inherent in
the original dataset should be preserved. While
LLMs are adept at capturing semantic nuances,
they often struggle to capture collaborative infor-
mation effectively (He et al., 2023). Over-reliance
on LLM-suggested labels can lead to recommen-
dations that prioritize semantic relevance at the
expense of collaborative information, ultimately
reducing user satisfaction. Moreover, while collab-
orative information is important, it can sometimes
introduce biases, such as popularity bias (Zhu et al.,
2021; Zhao et al., 2022). Effectively utilizing col-
laborative information remains a challenging task.

To this end, we introduce a data augmentation
approach to tackle the above challenges. Firstly,
we use an LLM-based semantic retriever to re-
trieve multiple and diverse potentially relevant
items based on semantic similarity between the

dialogue context and the item’s descriptive text.
This step does not primarily consider collaborative
information, thereby avoiding potential biases as-
sociated with it. Then, we employ an LLM-based
relevance scorer to assign fine-grained relevance
scores to the retrieved items, filtering out those irrel-
evant ones. Items with high relevance scores are re-
tained as augmented labels, forming the augmented
dataset. After that, we pre-train the recommender
using the augmented dataset. This step enhances
the recommender’s ability to provide recommen-
dations based on the semantic relevance between
user preferences and items. Then, we fine-tune the
recommender on the original dataset to integrate
the collaborative information. A label smoothing
term can be added to control the integration of col-
laborative information.

We have conducted extensive experiments on
two real-world CRS benchmarks, namely ReDial
(Li et al., 2018) and INSPIRED (Hayati et al.,
2020), as well as a recently proposed user sim-
ulator iEvaLM (Wang et al., 2023b). Experimental
results show that our approach can significantly
and consistently improve the recommendation per-
formance of different recommenders on different
datasets. These results demonstrated the effective-
ness of our approach.

2 Related Work

2.1 Conversational Recommender Systems

Existing CRS can be categorized into two main
types: attribute-based CRS and free-form CRS. An
attribute-based CRS explores user preferences by
posing clarification questions about item attributes
and then generating utterances using predefined
templates (Sun and Zhang, 2018; Zhang et al.,
2018; Lei et al., 2020). A free-form CRS explores
user preferences through various conversational
modes, including chit-chat, question-answering,
and recommendation attempts (Chen et al., 2019;
Zhou et al., 2020; Yang et al., 2022; Zhou et al.,
2022; Wang et al., 2022b; Zou et al., 2022; Ren
et al., 2022; Wang et al., 2023b; He et al., 2023).
In this paper, we focus on the free-form CRS due
to its flexibility in engaging users in more natural
and diverse interactions.

Developing an effective recommender is funda-
mental in constructing a CRS. Previous approaches
include knowledge-graph-based (Chen et al., 2019;
Zhou et al., 2020; Wang et al., 2022b), review-
based (Lu et al., 2021), and text-based models
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(Yang et al., 2022; Ravaut et al., 2024). Typically,
these models use a limited number of positive items
as training labels and treat others as negative, which
can introduce noise. We propose a method to gen-
erate multiple labels for each dialogue.

2.2 Synthetic Data in Conversational
Recommendation

To address the challenge of data scarcity, re-
searchers have explored the use of synthetic data to
train CRS. These efforts have primarily focused on
generating synthetic dialogues through template-
based dialogue creation (Zhao et al., 2023), coun-
terfactual dialogue simulation (Wang et al., 2023c),
data-to-text dialogue generation (Lu et al., 2023),
and LLM-based dialogue generation (Liang et al.,
2024; Wang et al., 2023a; Kim et al., 2024). In this
paper, we investigate the generation of synthetic
labels from existing dialogues—an underexplored
yet complementary approach to existing works.

2.3 Large Language Model-enhanced
Conversational Recommendation

With the development of large language models
(LLMs), there are some early attempts to apply
large language models for conversational recom-
mendation. These methods focus on dialogue man-
agement (Friedman et al., 2023; Fang et al., 2024;
Feng et al., 2023), evaluation (Wang et al., 2023b;
Huang et al., 2024), dialogue generation (Qin et al.,
2024) or recommendation (He et al., 2023, 2024;
Yang and Chen, 2024; Xi et al., 2024). Although
showing promising results, most of these methods
suffer from high inference latency. In this paper,
we use LLMs to create synthetic data to support
the training of downstream recommenders, which
can avoid extensive inference latency.

2.4 False Negative Issues in Traditional
Recommender Systems

The false negative issue occurs when a user is not
exposed to certain items that they may be inter-
ested in, causing the recommender system to incor-
rectly assume that the user is not interested in them.
These items are false negative samples (FNS).‘

The current methods in traditional recommender
systems can mainly be divided into two categories.
The first category treats FNS as noise and designs
strategies to mitigate their negative impact. For
instance, Ding et al. (2020) reduces the likelihood
of FNS being selected during negative sampling,
while Zhang et al. (2024a) decreases the effect of

noisy gradients from FNS through adversarial train-
ing. The second category of methods involves aug-
menting the training dataset with potential FNS
(Wei et al., 2024; Liu et al., 2023).

Close to our work, Wei et al. (2024) propose
using a base recommender trained on the target
datasets to retrieve potential FNS, and using an
LLM to filter irrelevant ones in graph-based recom-
mendations. However, the key distinction in our
approach is that we prioritize identifying semanti-
cally relevant items without initially considering
collaborative information from the original dataset.
In contrast, Wei et al. (2024) utilize both collabo-
rative and semantic information to construct their
augmented dataset. Our strategy offers two main
advantages. Firstly, by initially ignoring collabo-
rative information, we can retrieve a wider variety
of items, reducing potential biases like popularity
bias brought by collaborative information. This en-
hances the model’s capability to learn the semantic
connections between dialogue context and items.
Secondly, our approach allows us to incorporate
collaborative information at a later stage in a con-
trolled manner, enabling a balanced integration of
semantic relevance and collaborative information
to suit various application scenarios.

3 Method

Figure 2 shows the overview of our approach. The
main idea of our approach is to identify multiple
semantically relevant items pre-dialogue (i.e. user
query) to form the augmented dataset. Then, a
two-stage training scheme is employed to help the
recommender focus on the semantic relationship
between user preferences and items in the first train-
ing stage and integrate collaborative information in
the second training stage.

3.1 Data Synthesis Stage
In practice, since the candidate pool of the item
database can be very large, it is impractical for the
LLM to score each candidate individually. There-
fore, we first use an LLM-based semantic retriever
to retrieve a subset of potentially relevant items,
thereby narrowing down the candidate set. Next,
an LLM-based relevance scorer is employed to as-
sign fine-grained relevance scores to these items.

3.1.1 Relevant Items Retrieval
Given item descriptive texts I = {it}nt=1 and dia-
logue contexts C = {ct}mt=1, we first encode both
of them into dense vector representations using
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Figure 2: Overview of our approach. We first identify semantically relevant items as synthetic labels with LLMs-
based semantic retriever and LLM-based relevance scorer. Then, we employ a two-stage training approach to
pre-train the recommender with synthetic labels and fine-tune it with real labels.

an off-the-shelf LLM-based text encoder. Then,
for each ct in C, we retrieve the top-k most simi-
lar items it through the max inner product search.
These items are treated as potential candidates for
further filtering in the next step.

This retrieval process relies solely on semantic
information, without considering collaborative in-
formation, thereby avoiding potential biases such
as popularity bias introduced by collaborative in-
formation in the dataset. This helps us cover a
wide range of items instead of overly focusing on
popular ones.

3.1.2 Relevance Estimation

After identifying potential relevant items, we use an
LLM to perform detailed relevance estimations and
filter out irrelevant samples. To enhance efficiency
and scalability, we employ a state-of-the-art LLM
(e.g. GPT-4) to generate context-item-score triples
using a chain-of-thought prompting approach (Wei
et al., 2022). These triples are then used to train a
Gemma2-9b (Rivière et al., 2024), which assigns a
relevance score ranging from 0 to 4 for each sample
in the initial retrieval step. We retain context-item
pairs with a relevance score exceeding a thresh-
old value to construct the final synthetic training
dataset Dsyn = {ci, li}ni=1. We choose 3.5 as the
threshold value for its superior performance in our
experiments. See Appendix A for more details.

3.2 Model Training Stage

After we obtain the synthetic training dataset Dsyn,
we can train the recommender with the synthetic
training dataset Dsyn and the original real-world
training dataset Dreal. A two-stage training scheme
is designed to fully utilize the semantic informa-
tion in the synthetic dataset while leveraging the
collaborative information in the real-world dataset
in a controllable manner.

3.2.1 Pre-training the Recommender on the
Synthetic Dataset

In the first stage, the recommender is pre-trained
using the synthetic dataset. This step aims to ex-
pose the model to a diverse range of semantically
relevant items, helping it develop a foundational un-
derstanding of the semantic relationships between
user preferences and the items. This is particularly
important in conversational recommendations. By
using synthetic data, this approach avoids introduc-
ing biases found in real-world data, such as specific
popularity distributions. A standard cross-entropy
loss is applied for optimization:

Lpre = −
N∑

i=1

M∑

j=1

yi,j · logP (i, j) (1)

Where N, M denotes the number of dialogue
contexts and items in the training dataset. yi,j
denotes a binary label that is equal to 1 when a
user-item pair is labeled as positive in the synthetic
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dataset. P (i, j) denotes a probability of the user-
item pair being a positive pair calculated by the
recommender. The method of calculation varies
among different recommenders.

3.2.2 Fine-tuning the Recommender on the
Real-world Dataset

After training with the synthetic dataset, the CRS
can effectively provide recommendations based
on semantic relevance between user preference
and items. However, relying solely on seman-
tic relevance may not be sufficient to make ef-
fective recommendations. In practice, collabora-
tive information, referring to commonalities and
trends in user behavior on target datasets/platforms,
also plays an important role in making appro-
priate recommendations (He et al., 2024; Zhang
et al., 2023; Zhu et al., 2024). This information
is dataset/platform-dependent and can evolve due
to semantic-independent factors (e.g. popularity
trend), making it difficult for LLM to capture
through semantic consistency (He et al., 2023).
As a result, recommenders trained with LLM-
suggested labels also struggle to consider collabo-
rative information, leading to less appropriate and
personalized recommendations.

To address this challenge, we propose to fine-
tune the recommender on the original real-world
dataset. This step ensures that the recommender
can not only provide semantically relevant recom-
mendations but also integrate collaborative infor-
mation, enhancing its ability to reflect real-world
user behaviors and preferences. Similar to the pre-
training stage, a cross-entropy loss is applied:

Lce = −
N∑

i=1

M∑

j=1

yi,j · logP (i, j) (2)

Here, yi,j denotes positive labels in the original
real-world dataset.

Furthermore, a label smoothing term can be
introduced during fine-tuning to balance the rec-
ommender’s reliance on semantic relevance with
collaborative information in making recommenda-
tions:

Lsoft =
N∑

i=1

DKL(P (i), ŷi) (3)

Where ˆyi,j is soft labels provided by the recom-
mender before fine-tuning. DKL() denote the
Kullback-Leibler Divergence. Finally, we optimize
the recommender through:

Lfinetune = Lce + α · Lsoft (4)

Dataset Train Train Aug Valid Test
ReDial 29810 377313 3318 4036
INSPIRED 1404 15891 164 161

Table 1: Statistics of the datasets after pre-processing.
Numbers mean positive context-item pairs in the cor-
responding split. “Train Aug” denotes our synthetic
dataset.

Where a larger α indicates a decreased reliance on
collaborative information, and vice versa.

4 Experiment

To verify the effectiveness of our approach, we
conduct experiments to figure out whether our ap-
proach can enhance the recommendation quality of
different recommenders, and whether our approach
can outperform other data augmentation technolo-
gies and other LLM-powered baselines.

Backbone models. We consider BARCOR
(Wang et al., 2022a), UniCRS (Wang et al., 2022b)
and Llama2-7b-chat-hf (Touvron et al., 2023) (de-
noted as Llama2) as backbone models. These mod-
els are either the most representative CRS models
or the most representative large language model.
See Appendix C.1 for details.

Baselines. In addition to these backbone mod-
els, we introduce two additional data augmentation
baselines.

• A false negative detection approach adapted
from traditional recommender systems (Wei
et al., 2024), which considers both collabora-
tive information and semantic information in
the data synthesis stage by using supervised
recommenders in the item retrieval stage. We
denote this baseline as self-distillation (SD).
See Appendix C.2 for details.

• CFCRS (Wang et al., 2023c): It generates
synthetic training dialogues through counter-
factual data simulation.

Datasets. We conduct our experiments on two
widely used datasets, namely ReDial proposed by
Li et al. (2018) and INSPIRED proposed by Hayati
et al. (2020), which focus on conversational movie
recommendation. We choose these two datasets
because they are real-world datasets, which can
lead to realistic evaluation. The data statics are
shown in Table 1.

Previous work has found cases where items al-
ready mentioned in dialogue are also treated as
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Models ReDial INSPIRED
R@1 R@10 R@50 R@1 R@10 R@50

Offline Dataset
BARCOR 3.13 17.34 36.32 2.86 11.06 30.81
BARCOR + SD 3.52 19.95 41.08 2.48 19.38 35.78
BARCOR + CFCRS 3.50 18.98 38.46 4.72 20.50 35.16
BARCOR + ours 4.31 21.26 43.84 3.73 21.12 43.11
UniCRS 3.53 19.60 40.50 3.97 20.00 40.66
UniCRS + SD 3.08 20.27 42.26 4.64 20.53 38.94
UniCRS + CRCRS 3.76 19.91 40.60 7.55 22.78 44.24
UniCRS + ours 3.76 20.93 42.74 5.43 22.91 39.47
Llama2 3.93 20.74 41.34 4.46 11.68 34.16
Llama2 + SD 3.97 21.77 43.58 4.72 25.84 40.75
Llama2 + CRCRS 4.27 21.57 42.24 5.22 19.35 37.39
Llama2 + ours 4.46 22.37 44.20 9.32 28.26 50.93

User Simulator
BARCOR 11.34 23.68 43.03 3.73 13.67 30.43
BARCOR + SD 21.95 36.74 54.71 8.07 27.95 35.40
BARCOR + CFCRS 19.87 34.17 51.23 14.91 24.22 37.27
BARCOR + ours 27.77 44.69 63.35 24.84 40.37 61.49
UniCRS 20.46 36.44 55.72 8.07 23.60 40.37
UniCRS + SD 22.07 39.12 59.78 15.53 24.84 40.99
UniCRS + CFCRS 25.02 41.50 59.96 14.91 23.60 40.99
UniCRS + ours 24.44 43.65 63.42 13.66 29.81 45.34
Llama2 24.33 42.83 61.89 4.97 12.42 34.78
Llama2 + SD 24.20 45.71 65.46 24.22 35.40 42.23
Llama2 + CFCRS 27.95 45.19 63.08 26.09 39.75 51.55
Llama2 + ours 28.65 50.00 71.42 34.78 57.76 73.29

Table 2: Main experimental results. The best methods in each group are marked in bold. R@k denotes Recall@K.
Standard deviations and significance tests can be found in Table 8.

Models ReDial INSPIRED
R@1 R@5 R@10 R@1 R@5 R@10

BARCOR + ours 4.31 14.00 21.26 3.73 15.40 21.12
Llama2 + ours 4.46 14.52 22.37 9.32 20.19 28.26
Zero-Shot(GPT3.5) 3.57 11.54 16.33 4.35 11.80 17.39
Zero-Shot(GPT4o) 4.05 11.62 17.20 6.21 16.15 21.74

Table 3: Comparisons with strong proprietary LLMs
under zero-shot setting.

labels, leading to the repetition of recommended
items (He et al., 2023). To ensure more reliable
training and evaluation, we have removed these
samples from the dataset and filtered out repeated
items from the recommender’s prediction list fol-
lowing He et al. (2023).

Evaluation Setups. We conduct two types of
evaluations, namely evaluation with the offline
dataset and evaluation with the user simulator. The
former is the most widely used evaluation protocol
in previous work (Wang et al., 2022b,a). The latter
is a newly proposed protocol that uses an LLM to
interact with the CRS, which mimics real-world
human behavior. We use iEvaLM (Wang et al.,
2023b) as the user simulation protocol. Following
previous work, we apply Recall@k k={1,10,50} as
evaluation metrics.

Implementation Details. In the retrieval step, we
retrieve the 50 most similar items for each dialogue.
We use GritLM (Muennighoff et al.) as the text en-
coder due to its superior text representation ability.
We follow Wang et al. (2023c) to perform the data
processing. Since we focus on recommendation
task, we implement dialogue generation by filling
recommended items into templates like Wang et al.
(2022b). We will discuss other variants in Section
6 and Appendix E. We run each experiment with
the offline dataset evaluation five times and report
the average numbers. Due to the extensive cost, we
run each experiment with the user simulator once.

4.1 Main Results

Table 2 shows the results on two benchmark
datasets, including both evaluation setups.

Compared with base models, our approach can
consistently and significantly improve the perfor-
mance of all three representative CRS models under
both settings. These results demonstrated the effec-
tiveness of our proposed approach. We will con-
duct further analysis on how these improvements
are achieved in Section 5.1 and Section 5.2.

Compared with self-distillation, our approach
yields greater improvements, confirming the effec-
tiveness of disregarding collaborative information
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during data synthesis while integrating it through
two-stage training. Further analysis of this will be
provided in Section 5.3.

Compared to CFCRS, our approach demon-
strates superior performance in most cases. This
improvement can be attributed to our method’s uti-
lization of the LLM’s semantic understanding abil-
ity to augment training labels based on existing
dialogues, thereby ensuring semantic consistency
between dialogues and labels. In contrast, CFCRS
generates new dialogues through entity-based coun-
terfactual data simulation, which lacks deep seman-
tic understanding and may result in lower-quality
dialogues. Additionally, our approach remains
compatible with CFCRS, as the latter’s generated
dialogues still suffer from the false negative issue.
Exploring the potential synergy between generat-
ing new dialogues (as in CFCRS) and augmenting
labels (as in our method) is an interesting direction
for future work.

4.2 Comparison with Zero-shot LLMs

To further verify the effectiveness of our approach,
we compare our approach with proprietary LLMs
in the zero-shot setting on offline datasets (He et al.,
2023). As shown in Table 3, our approach achieves
superior performance compared to strong propri-
etary LLMs. Notably, our method outperforms
these proprietary models despite using significantly
smaller models. This result highlights the impor-
tance of sufficient training in adapting LLMs for
conversational recommendation tasks.

5 In-depth Analysis

In this section, we conduct an in-depth analysis
of how our approach improves the overall perfor-
mance of recommenders and the rationale behind
our approach. We investigate how augmented data
improve the performance of recommenders in Sec-
tion 5.1, how our two-stage training scheme helps
recommenders capture collaborative information
in Section 5.2, how our approach outperforms the
self-distillation baseline in Section 5.3, and how
the quantity and quality of synthetic data affect the
performance of recommenders in Section 5.4.

5.1 Effect of Augmented Data

Our approach can effectively retrieve multiple
semantically relevant items based on user prefer-
ences, making the recommender’s recommenda-
tions more semantically relevant, and alleviates

Models ReDial INSPIRED
S@1 S@5 S@1 S@5

BARCOR 2.94 2.79 1.05 1.26
BARCOR + ours 3.46 3.11 2.79 2.67
UniCRS 3.04 2.80 1.82 1.90
UniCRS + ours 3.29 3.04 2.20 2.15
Llama2 3.21 2.97 0.79 1.23
Llama2 + ours 3.34 3.08 3.17 2.85

Table 4: Results on semantic relevance. S@k means the
average relevance score of top-k recommendations.

Models R@10 R@50 CS@10 CS@50
BARCOR 17.34 36.32 3.49 2.36
BARCOR + ours 21.26 43.84 3.59 2.41
w/o FT 12.55 32.27 1.80 1.38
mix 13.1 34.4 1.87 1.52
UniCRS 19.6 40.5 3.49 2.34
UniCRS+ours 20.93 42.74 3.58 2.38
w/o FT 12.09 30.94 1.73 1.36
mix 13.2 34.9 1.89 1.54
Llama2 20.74 41.34 3.60 2.48
Llama2+ours 22.37 44.20 3.53 2.44
w/o FT 11.52 31.10 1.62 1.29
mix 12.49 33.45 1.76 1.42

Table 5: Comparison of different training schemes on
the ReDial dataset. “w/o FT” denotes removing the
fine-tuning stage on the original dataset, “mix” denotes
directly mixing augmented labels and original labels to
train the recommender. “CS@k” denotes the average
collaborative score of the top-k recommendation.

the false negative issue. To evaluate the CRS’s
ability to provide semantically relevant items, we
conduct experiments to assess the semantic rele-
vance between the dialogue context and the rec-
ommended items. Inspired by the effectiveness of
LLMs as automatic evaluators for conversational
recommendations (Wang et al., 2023b; Huang et al.,
2024), we use GPT-4 to assign relevance scores (0-
4) to the top-k recommended items based on the
dialogue context. As shown in Table 4, our ap-
proach consistently improves the recommenders’
capacity to recommend items that are semantically
relevant to the dialogue context, which is impor-
tant for effective recommendations. To verify the
reliability of GPT-4’s assessments, we sample 625
dialogue-item pairs for human evaluation. The
Pearson correlation between humans and GPT-4 is
0.7, indicating high agreement. Moreover, some of
these augmented items are likely to be false nega-
tive samples, alleviating the false negative issue.

Several cases can be found in Appendix D to
illustrate how augmented items affect the perfor-
mance of the recommender.
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Figure 3: CS@50 and the Recall@50 v.s. different
value of α.

5.2 Effect of Training Process

Our two-stage training process helps the rec-
ommender to capture collaborative informa-
tion, resulting in more appropriate recommen-
dations. To verify the importance of collabora-
tive information in generating appropriate recom-
mendations and to assess the effectiveness of our
training scheme, we introduce two variants on Re-
Dial dataset: One is to remove the fine-tuning stage,
and the other is to directly mix both synthetic data
and real data to train the recommender. To quan-
tize how much collaborative information the recom-
mender can capture, we first train a collaborative
filtering model (e.g. SASRec (Kang and McAuley,
2018)) on the original dataset to model item co-
occurrence patterns, which is one of the most im-
portant collaborative information (Sarwar et al.,
2001; He et al., 2023). After that, we use the model
to generate collaborative scores (denoted as CS) by
calculating the co-occurrence probability (unnor-
malized logits) between the items recommended by
the recommender and the items mentioned in the
dialogue context, which assess the recommender’s
ability to capture item co-occurrence pattern. As
shown in Table 5, training only with the synthetic
dataset or mixing the two datasets results in low
collaborative scores, leading to lower overall per-
formance compared to our approach. This finding
verified the importance of collaborative informa-
tion in making appropriate recommendations and
demonstrates the effectiveness of our approach in
integrating collaborative information.

Including soft labels can control the integration
of collaborative information, offering flexible
control to adapt to different application scenar-
ios To illustrate the impact of soft labels as de-
scribed in Equation 3.2.1, we conduct additional ex-
periments using both the offline dataset and the user
simulator settings on the ReDial dataset. We use
BARCOR trained with different α values in Equa-
tion 3.2.2 to illustrate how soft labels affect the

recommender. Figure 3 (a) indicates that increas-
ing α decreases the ability of the recommender to
capture collaborative information, enabling it to
focus more on semantic relevance while providing
recommendations. This verifies the effectiveness
of our approach to balancing semantic relevance
and collaborative information through soft labels.

Figure 3 (b) shows that when α is less than 0.4,
increasing α positively impacts the performance
in the user simulator but negatively impacts the
performance in the offline dataset. This difference
arises because the user simulator tends to mention
fewer items and provide more detailed textual pref-
erences (Wang et al., 2023b), making semantic rel-
evance more important than collaborative informa-
tion when making recommendations. In contrast,
users in the offline dataset tend to mention more
items and offer less detailed textual preferences, so
collaborative information is more important when
making recommendations. An example can be
found in Appendix F to illustrate the difference
between the offline dataset and the user simulator.
However, when α is larger than 0.4, continually
increasing α can decrease the performance in both
evaluations, which indicates the importance of col-
laborative information even when detailed textual
preference is provided. Our findings suggest that
the importance of collaborative information may
vary across different scenarios, emphasizing the
value of our approach to offer control over the inte-
gration of collaborative information.

5.3 Comparison with Self-distillation
Disregarding collaborative information and fo-
cusing on semantic relevance in the item re-
trieval stage help us cover a wider range of items,
leading to better long-tail performance. As
mentioned previously, the key difference between
our approach and self-distillation lies in the item
retrieval stage. In our approach, we use a seman-
tic retriever and do not incorporate collaborative
information from the dataset, while self-distillation
uses the base recommender as the retriever, which
takes collaborative information into account. To
figure out how our strategy leads to better overall
performance, we conduct an additional analysis on
the ReDial dataset. Table 6 presents the number of
relevant items retrieved by different retrievers, the
number of distinct items covered by each retriever,
and the long-tail performance for models using dif-
ferent retrievers (we denote items mentioned fewer
than 4 times as long-tail items following Zhao et al.
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Model Count Coverage TR@10 TR@50
BARCOR+SD 368815 51.4% 1.24 3.52
BARCOR+ours 377313 98.1% 2.14 8.7
UniCRS+SD 385567 57.8% 1.90 6.03
UniCRS+ours 377313 98.1% 2.71 9.77
Llama2+SD 415950 71.7% 2.89 7.82
Llama2+ours 377313 98.1% 3.01 9.37

Table 6: Comparison with self-distillation. “Count” and
“Coverage” indicate how many relevant items are re-
trieved by different retrievers and how many distinct
items can different retrievers cover. “TR@k” denotes
Tail_Recall@k, which computes the recall rate only for
long-tail items.
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Figure 4: Performance v.s. different amounts of syn-
thetic data on the ReDial dataset. “Data Size” denotes
the number of synthetic data used during pre-training.

(2023)). While using the base recommender as
a retriever can retrieve a similar number of rele-
vant items, it covers significantly fewer distinct
items compared to our semantic retriever. This is
due to the popularity bias introduced by collabo-
rative information, which causes the retriever to
over-prioritize popular items while neglecting less
popular ones. As a result, our approach shows
better long-tail performance, which leads to better
overall recommendation performance.

5.4 Effect of Data Quantity and Quality

Including more synthetic data can lead to bet-
ter performance. As shown in figure 4, as the
amounts of synthetic data increase, the perfor-
mance of the recommender also increases, and the
performance does not seem to converge. This find-
ing supports our assumption that incorporating a
variety of labels can help boost the recommender’s
recommendation performance. Meanwhile, the
training time is directly proportional to the number
of training samples. Therefore, in practice, others
may need to balance the trade-off between training
time and the performance of the CRS.

Without the LLM relevance scorer, the perfor-
mance drops due to the noisy training data. As
shown in table 7, if we remove the LLM filter, the
performance drops consistently. This finding veri-
fies the importance of fine-grained relevance esti-

Model R@1 R@10 R@50
BARCOR+ours 4.31 21.26 43.84
w/o scorer 3.92 21.21 43.29
UniCRS+ours 3.76 20.93 42.74
w/o scorer 3.37 18.26 41.39

Table 7: Ablation study on the LLM relevance scorer
on ReDial dataset. “w/o” scorer denotes removing the
LLM relevance scorer.

mation with the LLM relevance scorer, which can
effectively filter irrelevant items.

6 Discussions on Dialogue Generation

Most CRS include a recommendation module to
provide recommendations and a conversation mod-
ule to generate response for the user. Unlike pre-
vious work that treats these two modules as a uni-
fied system (Wang et al., 2022a,b), we follow the
modular design principle suggested by Zhang et al.
(2024b) and optimize the recommendation module
independently, enabling the recommendation mod-
ule to flexibly collaborate with various generation
modules, such as filling recommended items into
template utterances or prompting LLMs to gener-
ate responses based on the recommendations. Al-
though our approach focuses solely on recommen-
dation quality, we still offer several suggestions
and observations related to dialogue generation:
(1) The modular design can potentially enhance
dialogue generation quality by allowing the rec-
ommendation module to be combined with more
advanced generation modules, rather than treating
both modules as a unified system. (2) Improved
recommendation quality can benefit dialogue gen-
eration and making the generated responses more
coherent. For further illustrations, see Appendix E.

7 Conclusion

We present a data augmentation approach to aug-
ment multiple labels for each dialogue in the CRS
training dataset. We first identify multiple semanti-
cally relevant items with an LLM-based semantic
retriever and relevance scorer for each dialogue,
which serve as augmented labels. Then, we design
a two-stage training scheme to first pre-train the
recommenders with augmented data to capture se-
mantic information, and then fine-tune them with
real-world data to integrate collaborative informa-
tion in a controllable manner. Experimental results
have shown a significant improvement in various
settings, highlighting our approach’s effectiveness..
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Limitations

Though our approach shows promising results.
However, we acknowledge two limitations of our
approach. Firstly, we only focus on the movie do-
main, which is the most commonly used domain
in conversational recommendation. In the future, if
widely used datasets in other domains are available,
we should adapt our approach to other domains
to verify the generalization ability of our approach.
Secondly, including additional training samples can
add up to additional training costs. We leave it to
future work to develop more cost-efficient training
technology.
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A Details of the Relevance Estimation
Step

As discussed in Section 3.1.2, we employ an LLM-
based relevance scorer to filter noisy candidates.
First, we sample five items pre-dialogue and use
GPT-4 (GPT-4o-mini) to assign each a relevance
score (0–4) based on its alignment with the dia-
logue. The scoring prompt is provided in Table
18. These scored samples are then used to train
a Gemma2-9b model for efficient inference, opti-
mized via MSE loss.

Lce =
1

N

N∑

i=1

(
(fθ(ci, li)− si)

2
)

(5)

Where fθ(ci, li) denotes the score assigned by
the Gemma2-9b model to the dialogue-product pair.
Specifically, the computation of fθ(ci, li) is per-
formed as follows: the dialogue ci and item descrip-
tion li are concatenated into the prompt sequence
t1:n, where n denotes the length of the prompt.
This sequence is then fed into the Gemma2-9b
model. The last hidden state hn from the final
hidden layer of the model is extracted and passed
through a trainable fully connected layer W , which
maps the 4096-dimensional hn to a 1-dimensional
score output fθ(ci, li):

fθ(ci, li) = W (hn) (6)

The Gemma2-9B model is fine-tuned using
LoRA (Hu et al.) with a rank of 8.

B Standard Deviations

We report the mean, the standard deviations, and
the significance test in our main experiments with
offline dataset evaluation in Table 8.

C Introduction and Implementation
Details of Baselines

C.1 Baseline CRS Models
We consider three baseline CRS models:

• BARCOR (Wang et al., 2022a): It Imple-
ments both the recommendation and conversa-
tion modules in a unified BART (Lewis et al.,
2019).

• UniCRS (Wang et al., 2022b): It implements
both the recommendation and conversation
modules in a unified DialoGPT (Zhang et al.,
2020) with knowledge-enhanced soft prompt-
ing.

• Llama2 (Touvron et al., 2023): It preform
recommendation by fine-tune Llama2 on the
target dataset. We use Llama2-7b-chat-hf ver-
sion.

These models are either the most representative
CRS models or the most representative large lan-
guage model. For BARCOR, since it is not open-
sourced, we follow Wang et al. (2023b) and Wang
et al. (2023c) to implement it. For Llama2, we
use Lora (Hu et al.) with rank 4 to fine-tune it on
downstream datasets.

C.2 False Negative Detection Baseline

Recently, as part of their contributions, Wei et al.
(2024) introduced a false negative detection ap-
proach in traditional recommender systems to first
retrieve potential false negative samples with a su-
pervised recommender, and then use an LLM to
score the relevance between the items and the user
preference. These items with high relevance scores
will be used as augmented labels to construct the
augmented dataset. After that, they use a one-stage
training scheme to mix a certain proportion (refers
to ω3 in the original paper) of labels from the origi-
nal dataset and labels from the augmented dataset
together to train the recommender.

Our implementation of this baseline is as follows.
Firstly, we use the base recommender trained on
the target dataset itself to retrieve items. Then, we
use the same LLM relevance scorer as our approach
to score the relevance between the items and the
dialogues. These items with high relevance scores
will be used as augmented labels to construct the
augmented dataset. After that, the same two-stage
training scheme as our approach is used.

There are two differences between our imple-
mentation and the original implementation. Firstly,
in the item retrieval stage, we use a different rec-
ommender from the original implementation. Sec-
ondly, we use a different training scheme from the
original implementation. The reason why we use
such an implementation is that. For the item re-
trieval stage, since Wei et al. (2024) and us do not
share the same task, we can not use the same rec-
ommender as Wei et al. (2024) to retrieve items.
So, we simply use the base recommender to im-
plement the idea of considering both collaborative
information and semantic information in the item
retrieval stage. For the training stage, the reason
why we use the same two-stage training scheme
as our approach instead of the original one-stage
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Models ReDial INSPIRED
R@1 R@10 R@50 R@1 R@10 R@50

Offline Dataset
BARCOR 3.13 (0.27) 17.34 (0.29) 36.32 (0.21) 2.86 (1.29) 11.06 (1.83) 30.81 (2.83)
BARCOR + SD 3.52 (0.31) 19.95 (0.26) 41.08 (0.63) 2.48 (1.13) 19.38 (1.29) 35.78 (2.87)
BARCOR + CFCRS 3.50 (0.11) 18.98 (0.33) 38.46 (0.46) 4.72 (0.56) 20.50 (1.96) 35.16 (1.62)
BARCOR + ours 4.31∗† (0.21) 21.26∗† (0.49) 43.84∗† (0.26) 3.73 (1.52) 21.12∗ (0.98) 43.11∗† (1.68)
UniCRS 3.53 (0.12) 19.60 (0.31) 40.50 (0.25) 3.97 (1.05) 20.00 (1.18) 40.66 (1.37)
UniCRS + SD 3.08 (0.17) 20.27 (0.39) 42.26 (0.51) 4.64 (0.66) 20.53 (0.66) 38.94 (0.98)
UniCRS + CRCRS 3.76 (0.23) 19.91 (0.22) 40.60 (0.35) 7.55 (0.76) 22.78 (1.79) 44.24 (1.44)
UniCRS + ours 3.76† (0.21) 20.93∗ (0.59) 42.74∗ (0.39) 5.43 (1.36) 22.91∗† (1.37) 39.47 (0.36)
Llama2 3.93 (0.35) 20.74 (0.53) 41.34 (0.79) 4.46 (1.21) 11.68 (1.02) 34.16 (1.58)
Llama2 + SD 3.97 (0.22) 21.77 (0.40) 43.58 (0.43) 4.72 (0.94) 25.84 (1.13) 40.75 (1.84)
Llama2 + CRCRS 4.27 (0.29) 21.57 (0.34) 42.24 (0.53) 5.22 (1.29) 19.35 (1.24) 37.39 (1.11)
Llama2 + ours 4.46∗† (0.30) 22.37∗† (0.31) 44.20∗ (0.73) 9.32∗† (0.88) 28.26∗ (2.18) 50.93∗† (1.13)

Table 8: Mean and standard deviations (stds.) of main experimental results in offline dataset evaluation. The
numbers outside the parentheses are the mean and the numbers inside the parentheses are stds. ∗denotes significant
improvement compared with the base model, and † denotes significant improvement compared with self-distillation.
(p<0.05)

Model ω3 R@1 R@10 R@50
Original One-stage Training

BARCOR 0.2 2.85 16.38 37.41
BARCOR 0.4 3.07 17.78 38.45
BARCOR 0.6 3.07 17.66 38.33
BARCOR 0.8 2.70 18.14 39.12
BARCOR 1 2.80 18.38 39.74
BARCOR 2 2.87 17.89 40.14
BARCOR 5 2.45 17.98 40.70
BARCOR 10 2.40 17.91 41.10

Our Two-stage Training
BARCOR - 3.52 19.95 41.08

Table 9: Performance comparison of our two-stage train-
ing scheme and the original one-stage training scheme
in implementing the self-distillation baseline with BAR-
COR on the ReDial dataset. ω3 denotes the proportion
of synthetic data per batch.

training scheme is twofold. Firstly, as shown in
Table 9, we find that our two-stage training scheme
works better than the original one-stage training
scheme. Secondly, it helps us to fairly compare our
item retrieval approach that disregards collabora-
tive information with their item retrieval approach
that regards collaborative information, which helps
us gain a deeper understanding of how bias intro-
duced by collaborative information could affect the
final performance of the recommender.

D Case Study for Recommendation

To gain a qualitative understanding of how our ap-
proach enhances the recommender’s performance,
we present several cases in Tables 10, 11, and 12.
As shown in the first lines of these cases, with-
out augmented labels, the recommender struggles
to suggest items that align semantically with the
user’s preferences. For instance, in the second case,

when a user requests action and funny movies, the
recommender, before data augmentation, suggests
dramas instead, which are not semantically rele-
vant to the user preference. This leads to an un-
satisfactory user experience. after applying data
augmentation, the recommender effectively sug-
gests items that match the user’s preferences more
precisely. For example, in the second case, after
data augmentation, the recommender successfully
recommends several action comedy movies when
the user requests action and funny movies, which
are semantically relevant to the user preference.
This leads to satisfactory user experience.

To understand the underlying reasons, we ex-
amined similar dialogues between users and the
recommender from the training set. As shown in
the second lines of these cases, a significant number
of semantically relevant items are added to the aug-
mented training dataset. This improvement makes
the recommender more likely to suggest these se-
mantically relevant items.

Meanwhile, in these cases, the items that are
accepted by the user in the test set are added into
the augmented label set for the user that expresses
a similar preference, which indicates that these
items are highly likely to be false negative samples.
Without data augmentation, these items are treated
as negative samples, which directly reduces the
probability for the recommender to recommend
these items when encountering a user with a similar
preference, leading to decreased user satisfaction.
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E Case Study for Dialogue Generation

Following the modular design principle proposed
by Zhang et al. (2024b) (see Section 6), we in-
dependently optimize the recommendation mod-
ule. Below, we first discuss the benefits of this
design principle and then demonstrate how our ap-
proach—which improves recommendation qual-
ity—can also enhance dialogue generation perfor-
mance.

Advantages of modular design. While prior
work often treats the recommendation and gener-
ation modules as an unified system (Chen et al.,
2019; Zhou et al., 2020; Wang et al., 2022a,b),
Zhang et al. (2024b) argue that the two modules
can be treated separately. We strongly endorse this
principle, as pairing an existing recommendation
module with a more powerful generation module
(e.g., an LLM-based generator) can significantly
improve how recommendations are presented to
users.

To illustrate this, Table 13 compares responses
generated by BARCOR as a unified system versus
responses produced by combining BARCOR’s rec-
ommendation module with a strong LLM-based
generator (denoted as BARCOR (modular), where
we use Llama2-7b-chat-hf for generation, see Table
17 for the prompt). The results show that the unified
BARCOR system produces responses with limited
informative explanations due to its weaker genera-
tion module. In contrast, when BARCOR’s recom-
mendation module is paired with an LLM-based
generator, the responses become more detailed and
engaging, leading to a better user experience.

How our approach improve dialogue generation
performance. To further demonstrate how our
approach can improve dialogue generation, we con-
duct a case study using Llama2-7b-chat-hf as the
generation module and compare responses gener-
ated from two different recommendation modules:
(1) the original BARCOR recommender and (2) the
BARCOR recommender enhanced by our approach
(see Table 17 for the prompt).

As shown in Table 14, the original BARCOR
recommender fails to align with user preferences,
resulting in misleading responses. For example, it
incorrectly describes Dunkirk (2017) as having a
mix of action and humor, despite the film contain-
ing almost no comedic elements. Such inaccuracies
can degrade user trust and satisfaction. In contrast,
our improved recommender provides more rele-

vant recommendations, leading to responses that
are both factually correct and coherent.

This case study highlights how enhancing recom-
mendation quality can indirectly improve dialogue
generation. Future work could further explore syn-
ergies between different recommendation and gen-
eration modules.

F An Example Dialogue of the ReDial
Dataset and the User Simulator

To illustrate the difference between the ReDial
dataset and the user simulator, we present a dia-
logue example from the ReDial dataset in Table15
and the user simulator in Table16, respectively. The
user in the ReDial dataset tends to mention more
items and provide less detailed textual preference,
while the user simulator tends to provide more de-
tailed textual preference and mention fewer items.
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A Dialogue Context in the Test Set BARCOR BARCOR+ours
User: Hi I am looking for a movie like Super Troopers
(2001)

1. Bad Boys (1995)
2. The Waterboy (1998)
3. Jerry Maguire (1996)
4. Click (2006)
5. American Pie (1999)

1. Super Troopers 2 (2018)
2. 21 Jump Street (2012)
3. 22 Jump Street (2014)
4. Lethal Weapon (1987)
5. Police Academy (1984)

A Similar Example in the Training Set Original Label Augmented Labels
User: Hi there!
Recommender: hello, what kind of movies are you
looking to watch?
User: Could you recommend a comedy movie? I’m
looking for some silly cop movies for my husband,
something like Super Troopers (2001) or Hot Fuzz (2007)

Lethal Weapon (1987) Let’s Be Cops (2014)
Super Troopers 2 (2018)
21 Jump Street (2012)
Police Academy (1984)
The Other Guys (2010)
... (other 8 movies)

Table 10: A case study. Lethal Weapon (1987) and Police Academy (1984) are finally accepted by the user.

A Dialogue Context in the Test Set BARCOR BARCOR+ours
User: Hello! How are you?
Recommender: Hi I am good How are you
User: I’m fine. Do you have any good suggestions for a
good movie?
Recommender: What kinds of movies do you like? Do
you like dramatic movies?
User: I love action and funny movies, so I looking for
something that combines the two,

1. Titanic (1997)
2. Dunkirk (2017)
3. 50 First Dates (2004)
4. Juno (2007)
5. Mr. & Mrs. Smith (2005)

1. Jumanji (2017)
2. Rush Hour (1998)
3. Deadpool (2016)
4. Thor: Ragnarok (2017)
5. Black Panther (2018)

A Similar Example in the Training Set Original Label Augmented Labels
User: Hello
Recommender: Hello! how are you?
User: I’m good thanks
Recommender: What can I recommend for you today?
User: I enjoy action and comedy movies.

Superbad (2007) Spy (2015)
Knight and Day (2010)
Central Intelligence (2016)
Rush Hour (1998)
Let’s Be Cops (2014)
... (other 27 movies)

Table 11: A case study. Rush Hour (1987) and Deadpool (2016) are finally accepted by the user.

A Dialogue Context in the Test Set BARCOR BARCOR+ours
Recommender: Hello! Do you like comedies?
User: I do! I really enjoy stoner comedies!
Recommender: Me too!
User: Know any good ones?

1. Dumb and Dumber (1994)
2. Bridesmaids (2011)
3. Superbad (2007)
4. The Heat (2013)
5. Office Space (1999)

1. The Big Lebowski
2. This Is the End (2013)
3. Dazed and Confused (1993)
4. Pineapple Express (2008)
5. Superbad (2007)

A Similar Example in the Training Set Original Label Augmented Labels
User: Hey! hows the day going
Recommender: Pretty good and yours/
User: would you be able to recommend some good
movies today? im pretty chill here
Recommender: Me too, do you want some stoner
comedy suggestions?
User: Actually yes that would be lovely

Super Troopers (2001) Up in Smoke (1978)
Harold & Kumar
How High (2001)
Pineapple Express (2008)
The Big Lebowski
... (other 27 movies)

Table 12: A case study. Pineapple Express (2008) is finally accepted by the user.

Context User: Hi I am looking for a movie like Super Troopers (2001), please give me a suggestion.

Responses BARCOR: Hi, I have some good movies. Have you seen 21 Jump Street (2012)?
BARCOR (modular): Sure, I’d be happy to help! Based on your dialogue history, it seems like you’re
looking for a movie similar to Super Troopers (2001). Given that, I would recommend the movie 21
Jump Street (2012) to you. Here’s why: 21 Jump Street is a comedy film that, like Super Troopers, is a
spoof of action movies and law enforcement. It features a similar blend of humor, action, and memorable
characters, making it a great match for fans of Super Troopers. The movie also has a similar tone and
style to Super Troopers, with a focus on absurd humor and over-the-top situations. I hope you enjoy 21
Jump Street! Let me know if you have any other questions or if you’d like more recommendations.

Table 13: A case study of generated response. BARCOR denotes treating BARCOR as a unified system, while
BARCOR (modular) denotes combining BARCOR recommender with the LLM generator.
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Context User: Hello! How are you?
Recommender: Hi I am good How are you
User: I’m fine. Do you have any good suggestions for a good movie?
Recommender: What kinds of movies do you like? Do you like dramatic movies?
User: I love action and funny movies, so I looking for something that combines the two,

Responses BARCOR: Great! Based on your interest in action and funny movies, I would recommend "Titanic"
(1997) and "Dunkirk" (2017). Both of these movies have a mix of action and humor that you might enjoy.
"Titanic" is a classic romantic drama with plenty of action-packed scenes, while "Dunkirk" is a historical
drama that also has some thrilling moments. I think you’ll find them both to be great choices!
BARCOR+ours: Great! Based on your interest in action and funny movies, I would recommend
"Jumanji" (2017) and "Rush Hour" (1998). Both of these movies have a great balance of action and
humor that I think you’ll enjoy. "Jumanji" is a thrilling adventure film with plenty of laughs, while "Rush
Hour" is a classic buddy cop movie with a great mix of action and comedy. I hope you check them out
and let me know what you think!

Table 14: A case study of generated response. BARCOR+ours denotes applying our approach on BARCOR
recommender.

User: Hello
Recommender: hi
User: i’m open to any movie What would you recommend me? i liked Avengers: Infinity War (2018)
Recommender: The Big Lebowski is my fav
User: i also like scary movies i watched The Big Lebowski
Recommender: how about House of 1000 Corpses (2003)
User: i also watched It (2017) NO, i have not seen that one i guess i would try that one tomorrow i also

watched It (1990) the old one Which another one would you recommend
Recommender: its by rob Zombie
User: A funny one Like Click (2006) by Adan Sandler

Table 15: An example from the ReDial dataset. Multiple items are mentioned by the user.

User: Hi I am looking for a movie like Super Troopers (2001).
Recommender: Hi, I have some good movies.
User: Great! I love movies with a similar comedic style and maybe some wacky characters. What do you

have in mind?
Recommender: Have you seen Bridesmaids (2011)?
User: No, I haven’t seen that one. I’m really looking for something with a more slapstick, over-the-top kind

of humor, maybe with a focus on a group of misfits trying to succeed in a challenging environment.
Recommender: Have you seen Superbad (2007)?
User: Sorry, No, I haven’t seen that one either. I’m looking for something with a bit more of a classic,

buddy-cop feel, with lots of physical comedy and maybe some training montage scenes.
Recommender: Rush Hour (1998) is a good one.
User: Sorry, I’m looking for something a bit more lighthearted and silly, with a focus on a group of recruits

learning the ropes in a somewhat unconventional way.

Table 16: An example from the user simulator. The user simulator provide detailed textual preference.

Given dialogue history between a user and a recommender, generate a response that recom-
mend the target items for the user.
∼∼∼∼∼∼∼∼∼∼∼∼∼∼∼∼
dialogue history:
{context}
∼∼∼∼∼∼∼∼∼∼∼∼∼∼∼∼
items to recommend:
{item}

Table 17: Prompt template for the LLM generator
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You are provided with a dialogue history between a user and a recommender system, along
with the system’s top k movie recommendations. Your task is to score each recommendation
on a scale from 0 to 4 based on how well it aligns with the user’s expressed preferences.
∼∼∼∼∼∼∼
4: The recommendation perfectly aligns with all expressed aspects of the user’s preferences.
3: The recommendation aligns well with the main aspects of the user’s preferences but lacks
one or two minor aspects.
2: The recommendation aligns with some but not all major aspects of the user’s preferences.
1: The recommendation aligns minimally with the user’s preferences, missing several key
aspects.
0: The recommendation does not align with the user’s preferences at all.
You can give non-integer scores if necessary
∼∼∼∼∼∼∼
Here is an illustration of the scoring criteria.:
If a user said, ‘I like movies similar to Super Troopers (2001), especially its humorous style!’
that may indicate the user’s preference for the comedy genre, absurd humor, and perhaps
law enforcement themes. Therefore, if a recommender system recommends movies such as
‘Hot Fuzz (2007)’ or ‘The Other Guys (2010),’ those should be 4-point recommendations
because they align with the user’s preferences for the comedy genre, absurd humor styles,
and law enforcement themes. If a recommender system recommends a movie like ‘Superbad
(2007),’ this should be a 3-point recommendation since it aligns with the user’s preference
for the comedy genre and absurd humor styles but lacks a law enforcement theme. If a
recommender system recommends a movie like ‘Police Story (1985),’ this may be a 2-point
recommendation since it has law enforcement themes and some comedy elements due to
Jackie Chan’s acting style. If a recommender system recommends a movie like ‘Infernal
Affairs (2002),’ this may be a 1-point recommendation since it has law enforcement themes
but lacks any comedy or humor elements. If a recommender system recommends a movie
like ‘It (2017),’ this should be a 0-point recommendation since ‘It (2017)’ is not relevant to
the user’s preferences.
Dialogue history:
{context}
recommender’s recommendation:
{rec}
Give brief reason and end with a JSON format as follows:
{"<movie>": <score>, "<movie>": <score>, ...}
Note: Replace <movie> and <score> with the movie name (year if exist) and actual score
you have assigned to each movie.

Table 18: Prompt template for relevance estimation
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