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Abstract

The emergence of Pre-trained Language Mod-
els (PLMs) has achieved tremendous success
in the field of Natural Language Processing
(NLP) by learning universal representations
on large corpora in a self-supervised manner.
The pre-trained models and the learned rep-
resentations can be beneficial to a series of
downstream NLP tasks. This training para-
digm has recently been adapted to the rec-
ommendation domain and is considered a
promising approach by both academia and in-
dustry. In this paper, we systematically inves-
tigate how to extract and transfer knowledge
from pre-trained models learned by different
PLM-related training paradigms to improve
recommendation performance from various
perspectives, such as generality, sparsity, ef-
ficiency and effectiveness. Specifically, we
propose a comprehensive taxonomy to divide
existing PLM-based recommender systems
w.r.t. their training strategies and objectives.
Then, we analyze and summarize the connec-
tion between PLM-based training paradigms
and different input data types for recommender
systems. Finally, we elaborate on open issues
and future research directions in this vibrant
field.

1 Introduction

As an important part of the online environment,
Recommender Systems (RSs) play a key role in
discovering users’ interests and alleviating infor-
mation overload in their decision-making process.
Recent years have witnessed tremendous success
in recommender systems empowered by deep
neural architectures and increasingly improved
computing infrastructures. However, deep recom-
mendation models are inherently data-hungry with
an enormous amount of parameters to learn, which
are likely to overfit and fail to generalize well in

∗Equal contribution.

practice when their training data (i.e., user-item in-
teractions) are insufficient. Such scenarios widely
exist in practical RSs when a large number of
new users join in but have fewer interactions.
Consequently, the data sparsity issue becomes a
major performance bottleneck of the current deep
recommendation models.

With the thriving of pre-training in NLP (Qiu
et al., 2020), many language models have been
pre-trained on large-scale unsupervised corpora
and then fine-tuned in various downstream su-
pervised tasks to achieve state-of-the-art results,
such as GPT (Brown et al., 2020), and BERT
(Devlin et al., 2019). One of the advantages of
this pre-training and fine-tuning paradigm is that
it can extract informative and transferrable knowl-
edge from abundant unlabelled data through self-
supervision tasks such as masked LM (Devlin
et al., 2019), which will benefit downstream tasks
when the labelled data for these tasks is insuffi-
cient and avoid training a new model from scratch.
A recently proposed paradigm, prompt learning
(Liu et al., 2023b), further unifies the use of
pre-trained language models (PLMs) on different
tasks in a simple yet flexible manner. In general,
prompt learning relies on a suite of appropriate
prompts, either hard text templates (Brown et al.,
2020), or soft continuous embeddings (Qin and
Eisner, 2021), to reformulate the downstream
tasks as the pre-training task. The advantage of
this paradigm lies in two aspects: (1) It bridges
the gap between pre-training and downstream ob-
jectives, allowing better utilization of the rich
knowledge in pre-trained models. This advantage
will be multiplied when very little downstream
data is available. (2) Only a small set of param-
eters are needed to tune for prompt engineering,
which is more efficient.

Motivated by the remarkable effectiveness of
the aforementioned paradigms in solving data
sparsity and efficiency issues, adapting language
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modeling paradigms for recommendation is seen
as a promising direction in both academia and in-
dustry, which has greatly advanced the state-of-
the-art in RSs. Although there have been several
surveys on pre-training paradigms in the fields of
CV (Long et al., 2022), NLP (Liu et al., 2023b),
and graph learning (Liu et al., 2023d), only a
handful of literature reviews are relevant to RSs.
Zeng et al. (2021) summarize some research on
the pre-training of recommendation models and
discusses knowledge transfer methods between
different domains. But this paper only covers a
small number of BERT-like works and does not
go deep into the training details of pre-trained
recommendation models. Yu et al. (2023) give a
brief overview of the advances of self-supervised
learning in RSs. However, its focus is on a purely
self-supervised recommendation setting, which
means the supervision signals used to train the
model are semi-automatically generated from the
raw data itself. Our work does not strictly focus
on the self-supervised training strategies but also
incorporates the adaptation and exploration of su-
pervised signals and data augmentation techniques
in the pre-training, fine-tuning, and prompting
process for various recommendation purposes.
Furthermore, none of them systematically ana-
lyzed the relationship between different data types
and training paradigm choices in RSs. To the best
of our knowledge, our survey is the first work
that presents an up-to-date and comprehensive
review of Language Modeling Paradigm Adapta-
tions for Recommender Systems (LMRS).1 The
main contributions of this paper are summerized
as follows:

• We survey the current state of PLM-based
recommendation from perspectives of train-
ing strategy, learning objective and related
data types, and provide the first systematic
survey, to the best of our knowledge, in this
nascent and rapidly developing field.

• We comprehensively review existing re-
search work on adapting language model-

1It is worth noting that most of the existing literature
reviews on pre-trained models focus on the architecture of
large-scale language models (such as Bert, T5, UniLMv2,
etc.), while our survey mainly discusses training paradigms,
which are not limited to pre-trained language model archi-
tectures. It can also be other neural networks, such as CNN
(Chen et al., 2023), and GCN (Liu et al., 2023c).

Figure 1: A generic architecture of language modeling
paradigm for recommendation purpose.

ing paradigms to recommendation tasks by
systematically categorizing them from two
perspectives: pre-training & fine-tuning and
prompting. For each category, several sub-
categories are provided and explained along
with their concepts, formulations, involved
methods, and their training and inferencing
process for recommendations.

• We shed light on limitations and possible
future research directions to help beginners
and practitioners interested in this field learn
more effectively with the shared integrated
resources.

2 Generic Architecture of LMRS

LMRS provides a new way to conquer the data
sparsity problem via knowledge transfer from
Pre-trained models (PTMs). Figure 1 shows a
high-level overview of the LMRS, highlighting
the data input, pre-training, fine-tuning/prompting
and inference stages for various recommendation
tasks. In general, the types of input data objects
can be relevant w.r.t. both the training and in-
ference stages. After preprocessing the input into
desired forms such as graphs, ordered sequences,
or aligned text-image pairs, the training process
takes in the preprocessed data and performs ei-
ther ‘‘pre-train, fine-tune’’ or ‘‘pre-train, prompt’’
flow. If the inference is solely based upon the
pre-trained model, it can be seen as an end-to-end
approach leveraging LM-based learning objec-
tives. The trained model can then be used to infer
different recommendation tasks.

3 Data Types

Encoding input data as embeddings is usually
the first step in recommendations. However, the
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Figure 2: LMRS structure with representatives and statistics on different training strategies and the total num-
ber of publications per year.

input for recommender systems is more diverse
than most NLP tasks, and therefore encoding tech-
niques and processes may need to be adjusted
to align with different input types. Textual data
as a powerful medium of spreading and trans-
mitting knowledge are commonly used as input
for modeling user preferences. Examples of tex-
tual data include reviews, comments, summaries,
news, conversations, and codes. Note that we also
consider item metadata and user profiles as a kind
of textual data for simplicity. Sequential data,
such as user-item interactions strictly arranged
chronologically or in a specific order, are used as
sequential input for sequential and session-based
recommender systems. Graphs, usually contain-
ing different semantic information from other
types of data inputs such as the user-user so-
cial graph or heterogeneous knowledge graph, are
also commonly used to extract structural knowl-
edge to improve recommendation performance.
The diversity of online environments promotes
the generation of massive multimedia content,
which has been shown to improve recommen-
dation performance in numerous research works.
Therefore, multi-modal data such as images,
videos and audios can also be importance sources
for LMRS. Multi-modal data plays a crucial role
in recommendation systems. However, the uti-
lization of multi-modal data in LMRS papers is
scarce, possibly due to the absence of accessi-
ble datasets. A few scholars have gathered their
individual datasets to facilitate text-video-audio
tri-modal music recommendations (Long et al.,
2023) or to establish benchmarks for shopping
scenarios (Long et al., 2023).

4 Training Strategies of LMRS

Given the significant impact that PLMs have had
on NLP tasks in the pre-train and fine-tune par-
adigm, there has been a surge recently in adapt-
ing such paradigms to multiple recommendation
tasks. As illustrated in Figure 1, there are mainly
two classes regarding different training para-
digms: pre-train, fine-tune paradigm and prompt
learning paradigm. Each class is further classi-
fied into subclasses regarding different training
efforts on different parts of the recommenda-
tion model. This section will go through various
training strategies w.r.t. specific recommendation
purposes. Figure 2(a) presents the statistics of
recent publications of LMRSs grouped by dif-
ferent training strategies and the total number of
published research works each year. Figure 2(b)
shows the taxonomy and some corresponding
representative LMRSs.

4.1 Pre-train, Fine-tune Paradigm for RS

The ‘‘pre-train, fine-tune’’ paradigm attracts
increasing attention from researchers in the rec-
ommendation field due to several advantages: 1)
Pre-training provides a better model initializa-
tion, which usually leads to better generalization
on different downstream recommendation tasks,
improves recommendation performance from var-
ious perspectives, and speeds up convergence
on the fine-tuning stage; 2) Pre-training on huge
source corpus can learn universal knowledge
which can be beneficial for the downstream rec-
ommenders; 3) Pre-training can be regarded as
a kind of regularization to avoid overfitting on
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low-resource, and small datasets (Erhan et al.,
2010).

Pre-train This training strategy can be seen as
traditional end-to-end training with domain input.
Differently, we only focus on research adapting
LM-based learning objectives into the training
phase. Many typical LM-based RSs fall into this
category, such as BERT4Rec (Sun et al., 2019),
which models sequential user behavior with a
bidirectional self-attention network through Cloze
task, and Transformers4Rec (de Souza Pereira
Moreira et al., 2021) which adopts a Hugging-
Face transformer-based architecture as the base
model for next-item prediction and explores four
different LM tasks, namely, Causal LM, MLM,
Permutation LM, and Replacement Token De-
tection, during training. These two models laid
the foundation for LM-based recommender sys-
tems and have become popular baselines for their
successors.

Pre-train, Fine-tune Holistic Model Under
this category, the model is pre-trained and fine-
tuned with different data sources, and the fine-
tuning process will go through adjusting the whole
model parameters. The learning objectives can
also vary between the pre-training and fine-tuning
stages. Pre-training and fine-tuning with different
domains of data sources, also called cross-domain
recommendation, can refer to the works of Kang
et al. (2021) and Qiu et al. (2021). Kang et al.
(2021) pre-trained a GPT model using segmented
source API code and fine-tuned it with API code
snippets from another library for cross-library
recommendation. Wang et al. (2022a) fine-tuned
the pre-trained DialoGPT model on domain-
specific datasets for conversational recommen-
dation together with an R-GCN model to inject
knowledge from DBpedia to enhance recommen-
dation performance. Xiao et al. (2022) fine-tuned
the PTM to learn news embedding together with
a user embedding part in an auto-regressive man-
ner for news recommendation. They also ex-
plored different fine-tuning strategies like tuning
part of the PTM and tuning the last layer of the
PTM but empirically found fine-tuning the whole
model resulted in better performance, which gives
us an insight into balancing the recommendation
accuracy and training efficiency.

Pre-train, Fine-tune Partial Model Since fine-
tuning the whole model is usually time-consuming

and less flexible, many LMRSs choose to fine-tune
partial parameters of the model to achieve a bal-
ance between training overhead and recommen-
dation performance (Hou et al., 2022; Yu et al.,
2022; Wu et al., 2022a). For instance, to deal with
the domain bias problem that BERT induces a
non-smooth anisotropic semantic space for gen-
eral texts resulting in a large language gap for
texts from different domains of items, Hou et al.
(2022) applied a linear transformation layer to
transform BERT representations of items from
different domains followed by an adaptive com-
bination strategy to derive a universal item rep-
resentation. Meanwhile, considering the seesaw
phenomenon that learning from multiple domain-
specific behavioural patterns can be a conflict,
they proposed sequence-item and sequence-
sequence contrastive tasks for multi-task learn-
ing during the pre-training stage. They found only
fine-tuning a small proportion of model param-
eters could quickly adapt the model to unseen
domains with cold-start or new items.

Pre-train, Fine-tune Extra Part of the Model
With the increase in the depth of PTMs, the rep-
resentation they capture makes the downstream
recommendation easier. Apart from the afore-
mentioned two fine-tuning strategies, some works
leverage a task-specific layer on top of the PTMs
for recommendation tasks. Fine-tuning only goes
through such extra parts of the PTMs by opti-
mizing the parameters of the task-specific layer.
Shang et al. (2019) pre-trained a GPT and a BERT
model to learn patient visit embeddings, which
were then used as input to fine-tune the extra
prediction layer for medication recommendation.
Another approach is to use the PTM to initial-
ize a new model with a similar architecture in
the fine-tuning stage, and the fine-tuned model is
used for recommendations. In Zhou et al. (2020),
a bidirectional transformer-based model was
first pre-trained on four different self-supervised
learning objectives (associated attribute predic-
tion, masked item prediction, masked attribute
prediction and segment prediction) to learn item
embeddings. Then, the learned model parame-
ters were adopted to initialize a unidirectional
transformer-based model for fine-tuning with pair-
wise rank loss for recommendation. In McKee
et al. (2023), the authors leveraged the pre-trained
BLOOM-176B to generate natural languages de-
scriptions of music given a set of music tags.
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Subsequently, two distinct pre-trained models,
namely, CLIP and the D2T pipeline, were em-
ployed to initialize textual, video, and audio
representations of the provided music content.
Following this, a transformer-based architecture
model was fine-tuned for multi-modal music
recommendation.

4.2 Prompting Paradigm for RSs

Instead of adapting PLMs to different down-
stream recommendation tasks by designing spe-
cific objective functions, a rising trend in recent
years is to use the ‘‘pre-train, prompt, and infer-
ence’’ paradigm to reformulate downstream rec-
ommendations through hard/soft prompts. In this
paradigm, fine-tuning can be avoided, and the pre-
trained model itself can be directly employed to
predict item ratings, generate top-k item ranking
lists, make conversations, recommend similar li-
braries for programmers while coding, or even
output subtasks related to recommendation targets
such as explanations (Li et al., 2023b). Prompt
learning breaks through the problem of data con-
straints and bridges the gap of objective forms
between pre-training and fine-tuning.

Fixed-PTM Prompt Tuning Prompt-tuning
only requires tuning a small set of parameters
for the prompts and labels, which is especially
efficient for few-shot recommendation tasks. De-
spite the promising results achieved through con-
structing prompt information without significantly
changing the structure and parameters of PTMs,
it also calls for the necessity of choosing the most
appropriate prompt template and verbalizer, which
can greatly impact recommendation performance.
Prompt tuning can be both in the form of discrete
textual templates (Penha and Hauff, 2020), which
are more human-readable, and soft continuous
vectors (Wang et al., 2022d; Wu et al., 2022b).
For instance, Penha and Hauff (2020) manually
designed several prompt templates to test the per-
formance of movie/book recommendations on a
pre-trained BERT model with a similarity mea-
sure. Wu et al. (2022b) proposed a personalized
prompt generator tuned to generate a soft prompt
as a prefix before the user behaviour sequence for
sequential recommendation.

Fixed-prompt PTM Tuning Fixed-prompt
PTM tuning tunes the parameters of PTMs sim-

ilarly to the ‘‘pre-train, fine-tune’’ strategy but
additionally uses prompts with fixed parameters
to steer the recommendation task. One natural
way is to use artificially designed discrete prompt
to specify recommendation items. For instance,
Zhang et al. (2021b) designed a prompt, ‘‘A
user watched item A, item B, and item C. Now
the user may want to watch () ’’ to reformulate
the recommendation as a multi-token cloze task
during fine-tuning of the LM-based PTM. The
prompts can also be one or several tokens/words
to seamlessly shift/lead the conversations from
various tasks. Deng et al. (2023) concatenate in-
put sequences with special designed prompts,
such as [goal], [topic], [item], and [system], to
indicate different tasks: goal planning, topic
prediction, item recommendation, and response
generation in conversations. The model is trained
using a multi-task learning scheme, and the pa-
rameters of the PTM are optimized with the
same objective. Yang et al. (2022a) designed a
[REC] token as a prompt to indicate the start
of the recommendation process and to summa-
rize the dialogue context for the conversational
recommendation.

Tuning-free Prompting This training strategy
can be referred to as zero-shot recommendations,
which directly generate recommendations and/or
related subtasks without changing the parame-
ters of the PTMs but based only on the input
prompts. Zero-shot recommendation has been
shown to be effective in dealing with new users/
items in one domain or cross-domain settings
(Sileo et al., 2022; Geng et al., 2022c), compared
to state-of-the-art baselines. Specifically, Geng
et al. (2022c) learned multiple tasks, such as se-
quential recommendation, rating prediction, ex-
planation generation, review summarization and
direct recommendation, in a unified way with
the same Negative Log-likelihood (NLL) training
objectives during pre-training. At the inference
stage, a series of carefully designed discrete tex-
tual template prompts were taken as input, includ-
ing prompts for recommending items in the new
domain (not appearing in the pre-training phase),
and the trained model outputs the preferable re-
sults without a fine-tuning stage. The reason for
the effectiveness of zero-shot recommendation is
that the training data and pre-training tasks are
able to distil rich knowledge of semantics and
correlations from diverse modalities into user and
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item tokens, which can comprehend user prefer-
ence behaviours w.r.t. item characteristics (Geng
et al., 2022c). Building upon this research, Geng
et al. (2023) extended their efforts to train an
adapter for diverse multimodal assignments, in-
cluding sequential recommendations, direct recom-
mendations, and the generation of explanations.
In particular, they utilized the pre-trained CLIP
component to convert images into image tokens.
These tokens were added to the textual tokens of
an item to create a personalized multimodal soft
prompt. This combined prompt was then used as
input to fine-tune the adapter in an autoregres-
sive manner.

Prompt+PTM Tuning In this setting, the
parameters include two parts: prompt-relevant pa-
rameters and model parameters. The tuning phase
involves optimizing all parameters for specific rec-
ommendation tasks. Prompt+PTM tuning differs
from the ‘‘pre-train, fine-tune the holistic model’’
strategy by providing additional prompts that can
provide additional bootstrapping at the start of
model training. For example, Li et al. (2023b) pro-
posed a continuous prompt learning approach by
first fixing the PTM, tuning the prompt to bridge
the gap between the continuous prompts and the
loaded PTM, and then fine-tuning both the prompt
and PTM, resulting in a higher BLUE score in
empirical results. They combined both discrete
prompts (three user/item feature keywords, such
as gym, breakfast, and Wi-Fi) and soft prompts
(user/item embeddings) to generate recommenda-
tion explanations. Case studies showed improve-
ments in the readability and fluency of generated
explanations using the proposed prompts. Note
that the Prompt+PTM tuning stage does not nec-
essarily mean the fine-tuning stage but can be any
possible stage for tuning parameters from both
sides for specific data input. Xin et al. (2022)
adapted a reinforcement learning framework as a
Prompt+PTM tuning strategy by learning reward-
state pairs as soft prompt encodings w.r.t. ob-
served actions during training. At the inference
stage, the trained prompt generator can directly
generate soft prompt embeddings for the recom-
mendation model to generate actions (items).

5 Learning Objectives of LMRS

This section will overview several typical learn-
ing tasks and objectives of language models and

their adaptations for different recommendation
tasks.

5.1 Language Modeling Objectives to
Recommendation

The expensive manual efforts required for an-
notated datasets have led many language learning
objectives to adopt self-supervised labels, convert-
ing them to classic probabilistic density estimation
problems. Among language modeling objectives,
autoregressive, reconstruction, and auxiliary are
three categories commonly used (Liu et al.,
2023b). Here, we only introduce several language
modeling objectives used for RSs.

Partial/ Auto-regressive Modeling (P/AM)
Given a text sequence X1:T = [x1, x2, · · ·xT ],
the training objective of AM can be summarized
as a joint negative log-likelihood of each vari-
able given all previous variables:

LAM = −
T∑

t=1

log p(xt|X<t−1) (1)

Modern LMRS typically utilize popular pre-
trained left-to-right LMs such as GPT-2 (Hada
and Shevade, 2021) and DialoGPT (Wang et al.,
2022a,d) as the backbone for explainable and
conversational recommendations, respectively, to
avoid the laborious task of pre-training from
scratch. While auto-regressive objectives can ef-
fectively model context dependency, the modeling
context can only be accessed from one direction,
primarily left-to-right. To address this limitation,
PAM is introduced, which extends AM by en-
abling the factorization step to be a span. For
each input X, one factorization order M is sam-
pled. One popular PTM that includes PAM as
an objective is UniLMv2 (Bao et al., 2020). The
pre-trained UniLMv2 model can be utilized to
initialize the news embedding model for news
recommendation (Yu et al., 2022).

Besides directly leveraging PTMs trained on
textual inputs, some researchers apply this objec-
tive to train inputs with sequential patterns, such
as graphs (Geng et al., 2022b) and user-item inter-
actions (Zheng et al., 2022). These patterns serve
as either scoring functions to select suitable paths
from the start node/user to the end node/item or
detectors to explore novel user-item pairs.
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Masked Language Modeling (MLM) Taking
a sequence of textual sentences as input, MLM
first masks a token or multi-tokens with a spe-
cial token such as [MASK]. Then the model is
trained to predict the masked tokens taking the
rest of the tokens as context. The objective is as
follows:

LMLM = −
∑

x̂∈M(X)

log p(x̂|XM(X)) (2)

where M(X) and XM(X) represent the masked
tokens in the input sequence X and the rest of the
tokens in X, respectively. A typical example of
MLM training strategy can be found on BERT,
which is leveraged as backbone in Zhang et al.
(2021a) to capture user-news matching signals
for news recommendation.

Concurrently, some research works propose
multiple enhanced versions of MLM. RoBERTa
(Liu et al., 2019) improves BERT by dynamic
masking instead of in a static manner and can be
used to initiate word embedding for conversations
(Wang et al., 2022d) and news articles (Wu et al.,
2021) for different recommendation scenarios.

Next Sentence Prediction (NSP) It is a binary
classification loss for predicting whether two seg-
ments follow each other in the original text. The
training can be performed in a self-supervised
way by taking positive examples from consec-
utive sentences from the input text corpus and
creating negative examples by pairing segments
from different documents. A general loss of the
NSP is as follows:

LNSP = − log p(c|x,y) (3)

where x and y represent two segments from the
input corpus, and c = 1 if x and y are consecu-
tive, otherwise c = 0. The NSP objective involves
reasoning about the relationships between pairs
of sentences and can be utilized for better repre-
sentation learning of textual items such as news
articles, item descriptions, and conversational data
for recommendation purposes. Moreover, it can
be employed to model the intimate relationships
between two components. Malkiel et al. (2020)
used the NSP to capture the relationship between
the title and description of an item for next-item
prediction. Furthermore, models pre-trained with
NSP (such as BERT) can be leveraged for probing

the learned knowledge with prompts, which are
then infused in the fine-tuning stage to improve
model training on adversarial data for conversa-
tional recommendation (Penha and Hauff, 2020).
Sentence Order Prediction (SOP) as a variation
of the NSP takes two consecutive segments from
the same document as positive examples, which
are then swapped in order as negative examples.
SOP has been used to learn the inner coherence
of title, description, and code for tag recommen-
dation on StackOverflow (He et al., 2022).

Nevertheless, some researchers have ques-
tioned the necessity and effectiveness of NSP
and SOP for downstream tasks (He et al., 2022),
which highlights the need for further investiga-
tion in recommendation scenarios.

Replaced Token Detection (RTD) It is used to
predict whether a token is replaced given its sur-
rounding context:

LRTD = −
T∑

t=1

log p(yt|X̂) (4)

where yt = 1(x̂t = xt), and X̂ is corrupted from
the input sequence X. de Souza Pereira Moreira
et al. (2021) trained a transformer-based model
with RTD objective for session-based recommen-
dations, which achieved the best performance
among MLM and AM objectives. This is proba-
bly because RTD takes the whole user-item inter-
action sequence as input and model the context
from the bidirectional way.

5.2 Adaptive Objectives to Recommendation
Numerous pre-training or fine-tuning objectives
draw inspiration from LM objectives and have
been effectively applied to specific downstream
tasks based on the input data types and recom-
mendation goals. In sequential recommendations,
there is a common interest in modeling an ordered
input sequence in an auto-regressive manner from
left to right.

Analogous to text sentences, Zheng et al. (2022)
and Xiao et al. (2022) treated the user’s clicked
news history as input text and proposed to model
user behavior in an auto-regressive manner for
next-click prediction. However, as the sequential
dependency may not always hold strictly in terms
of user preference for recommendations (Yuan
et al., 2020a), MLM objectives can be modi-
fied accordingly. Yuan et al. (2020b) randomly
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masked a certain percentage of historical user
records and predicted the masked items during
training. Auto-regressive learning tasks can also
be adapted to other types of data. Geng et al.
(2022b) modeled a series of paths sampled from
a knowledge graph in an auto-regressive manner
for recommendation by generating the end node
from the pre-trained model. Zhao (2022) proposed
pre-training the Rearrange Sequence Prediction
task to learn the sequence-level information of
the user’s entire interaction history by predicting
whether the user interaction history had been re-
arranged, which is similar to Permuted Language
Modeling (PerLM) (Yang et al., 2019).

MLM, also known as Cloze Prediction, can be
adapted to learn graph representations for differ-
ent recommendation purposes. Wang et al. (2023a)
proposed pre-training a transformer model on a
reconstructed subgraph from a user-item-attribute
heterogeneous graph, using Masked Node Predic-
tion (MNP), Masked Edge Prediction (MEP), and
meta-path type prediction as objectives. Specifi-
cally, MNP was performed by randomly masking
a proportion of nodes in a heterogeneous subgraph
and then predicting the masked nodes based on
the remaining contexts by maximizing the dis-
tance between the masked node and the irrele-
vant node. Similarly, MEP was used to recover the
masked edge of two adjacent nodes based on the
surrounding context. Apart from that, MLM can
also be adapted to multi-modal data called Masked
Multi-modal Modeling (MMM) (Wu et al., 2022a).
MMM was performed by predicting the seman-
tics of masked news and news image regions
given the unmasked inputs and indicating whether
a news image and news content segment corre-
spond to each other for news recommendation
purposes.

The NSP/SOP can be adapted for CTR pre-
diction as Next K Behaviors Prediction (NBP).
NBP was proposed to learn user representations
in the pre-training stage by inferring whether a
candidate behavior is the next i-th behavior of the
target user based on their past N behaviors. NBP
can also capture the relatedness between past and
multiple future behaviors.

6 Formulating Training with Data Types

To associate training strategy, learning objectives
with different input data types, we summarize
representative works in this domain in Table 1.

The listed training strategies and objectives are
carefully selected and are typical in existing work.
For the page limit, we only selected part of recent
research on LMRS. For more research progress
and related resources, please refer to https://
github.com/SmartmediaAI/LMRS.

Considering that datasets are another im-
portant factor for empirical analysis of LMRS
approaches, in Table 2, we also list several repre-
sentative publicly available datasets taking into
account the popularity of data usage and the di-
versity of data types, as well as their correspond-
ing recommendation tasks, training strategies, and
adopted data types. From Table 2, we draw sev-
eral observations: First, datasets can be converted
into different data types, which can then be
analyzed from various perspectives to enhance
downstream recommendations. The integration
of different data types can also serve different
recommendation goals more effectively (Geng
et al., 2022c; Liu et al., 2021). For instance, Liu
et al. (2021) transformed user-item interactions
and multimodal item side information into a
homogeneous item graph. A sampling approach
was introduced to select and prioritize neighbor-
ing nodes around a central node. This process
effectively translated the graph data structure
into a sequential format. The subsequent train-
ing employed a self-supervised signal within a
transformer framework, utilizing an objective for
reconstructing masked node features. The resul-
tant pre-trained node embeddings could be readily
applied for recommendation purposes, or alterna-
tively, fine-tuned to cater to specific downstream
objectives. Second, some training strategies can
be applied to multiple downstream tasks by
fine-tuning a few parameters from the pre-trained
model, adding an extra component, or using dif-
ferent prompts. Geng et al. (2022c) designed dif-
ferent prompt templates for five different tasks
to train a transformer-based model with a single
objective, and achieved improvements on mul-
tiple tasks with zero-shot prompting. Deng et al.
(2023) unified the multiple goals of conversa-
tional recommenders into a single sequence-to-
sequence task with textual input, and designed
various prompts to shift among different tasks.
We further observe that prompting methods are
primarily used in LMRS with textual and se-
quential data types, but there has been a lack
of exploration for multi-modal or graph data.
This suggests that investigating additional data
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Training Strategy Paper Learning Objective Recommendation Task Data Type Source Code

Pre-training & Fine-tuning

Pre-training w/o Fine-tuning
(Sun et al., 2019) Pre-train: MLM Sequential RS Sequential data Link

(Geng et al., 2022b) Pre-train: AM Explainable RS Graph N/A

(de Souza Pereira Moreira et al., 2021) Pre-train: AM + MLM + PerLM + RTD Session-based RS Textual + Sequential data Link

Fine-tuning Holistic Model

(Kang et al., 2021)
Pre-train: cross-entropy

Cross-library API RS Textual data (code) Link
Fine-tune: cross-entropy

(Wang et al., 2022a)
Pre-train: AM

Conversational RS Textual data + Graph Link
Fine-tune: AM + cross-entropy

(Xiao et al., 2022)
Pre-train: AM + MLM

News RS Textual + Sequential data Link
Fine-tune: Negative Sampling Loss

(Zhang et al., 2023)
Pre-train: MLM + NT-Xent

Social RS Textual data Link
Fine-tune: Negative Sampling Loss

(Wang et al., 2023a)
Pre-train: MNP + MEP + cross-entropy +

Top-N RS Graph N/A
Contrastive Loss; Fine-tune: cross-entropy

Fine-tuning Partial Model

(Hou et al., 2022)
Pre-train: Contrastive Loss Cross-domain RS

Textual + Sequential data Link
Fine-tune: cross-entropy Sequential RS

(Yu et al., 2022)
Pre-train: MLM + AM

News RS Textual + Sequential data Link
Fine-tune: cross-entropy + MSE + InfoNCE

(Wu et al., 2022a)
Pre-train: MMM + MAP

News RS Sequential + Multi-modal data Link
Fine-tune: cross-entropy

Fine-tuning External Part

(Zhou et al., 2020)
Pre-train: MIM

Sequential RS Textual + Sequential data Link
Fine-tune: Pairwise Ranking Loss

(Liu et al., 2022)
Pre-train: MTP + cross-entropy

News RS Textual + Sequential data Link
Fine-tune: cross-entropy

(Shang et al., 2019)
Pre-train: binary cross-entropy

Medication RS Graph Link
Fine-tune: cross-entropy

(Liu et al., 2023c)
Pre-train: binary cross-entropy

Top-N RS Textual data + Graph Link
Fine-tune: BPR + binary cross-entropy

Prompting

Fixed-PTM Prompt Tuning

(Wang et al., 2022d)
Pre-train: AM + MLM + cross-entropy

Conversational RS Textual data Link
Prompt-tuning: AM + cross-entropy

(Wu et al., 2022b)
Pre-train: Pairwise Ranking Loss Cross-domain RS

Textual + Sequential data N/A
Prompt-tuning: Pairwise Ranking Loss + Sequential RS

Contrastive Loss

Fixed-prompt PTM Tuning
(Yang et al., 2022a)

Pre-train: AM + MLM
Conversational RS Textual data Link

PTM Fine-tune: AM + cross-entropy

(Deng et al., 2023) Pre-train: AM; PTM Fine-tune: AM Conversational RS Textual data Link

Tuning-free Prompting
(Sileo et al., 2022) Pre-train: AM Zero-Shot RS Textual data Link

(Geng et al., 2022c) Pre-train: AM
Zero-Shot RS

Textual + Sequential data Link
Cross-domain RS

Prompt+PTM Tuning
(Li et al., 2023b)

Pre-train: AM; Prompt-tuning: NLL
Explainable RS Textual data Link

Prompt+PTM tuning: NLL + MSE

(Xin et al., 2022) Prompt+PTM tuning: cross-entropy Next Item RS Sequential data N/A

Note. NT-Xent: Normalized Temperature-scaled Cross Entropy Loss; MMM: Masked Multi-modal Modeling; MAP:
Multi-modal Alignment Prediction; MIM: Mutual Information Maximization Loss; MTP: Masked News/User Token Prediction;
NLL: Negative Log-likelihood Loss.

Table 1: A list of representative LMRS methods with open-source code.

types may be a future direction for research in
prompting-based LMRS.

7 Evaluation

7.1 Evaluation Metrics

As an essential aspect of recommendation design,
evaluation can provide insights on recommenda-
tion quality from multiple dimensions. Apart from
well-known metrics such as RMSE, MAP, AUC,
MAE, Recall, Precision, MRR, NDCG, F1-score,
and HitRate in offline mode, some works define
Group AUC (Zhang et al., 2022) or User Group
AUC (Zheng et al., 2022) to evaluate the utility
of group recommendations. JIANG et al. (2022)

and Liu et al. (2022) conducted A/B testing to
evaluate performance with online users using
Conversion rate or CTR.

The integration of generative modules such as
GPT and T5 into existing recommender systems
offers additional possibilities for recommender
systems, such as generating free-form textual ex-
planations for recommendation results or simu-
lating more realistic real-life dialogue scenarios
during conversational recommendations to en-
hance users’ experience. In such cases, BLEU
and ROUGE are commonly adopted to automat-
ically evaluate the relevance of generated text
based on lexicon overlap. Additionally, Perplex-
ity (PPL), Distinct-n, and Unique Sentence Ratio
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Dataset Data Source Recommendation Task Training Strategy Data Type

MovieLens Link

Rating Prediction Tuning-free Prompting (Gao et al., 2023)

Explainable RS Fine-tuning Holistic Model (Xie et al., 2023) Textual data (Zhang et al., 2021b; Sileo et al., 2022;

Sequential RS
Pre-training w/o Fine-tuning (Yuan et al., 2020a), Penha and Hauff, 2020; Xie et al., 2023;

Fine-tuning Holistic Model (Zhao, 2022) Gao et al., 2023);

Conversational RS
Fine-tuning Holistic Model (Penha and Hauff, 2020), Sequential data (Yuan et al., 2020a; Liu et al., 2021;

Tuning-free Prompting (Gao et al., 2023) Zhao, 2022)

Top-N RS

Fine-tuning Holistic Model (Wang et al., 2023a),

Fine-tuning External Part (Liu et al., 2023c), Fixed-prompt Graph (Liu et al., 2023c, 2021; Wang et al., 2023a);

PTM Tuning (Zhang et al., 2021b), Tuning-free Prompting Multi-modal data (Liu et al., 2021)

(Zhang et al., 2021b; Sileo et al., 2022)

CTR Prediction Fine-tuning External Part (Liu et al., 2021)

Amazon Review Data Link

Rating Prediction
Fine-tuning External Part (Hada and Shevade, 2021),

Tuning-free Prompting (Geng et al., 2022c)

Cross-domain RS
Fine-tuning Holistic Model (Qiu et al., 2021), Fine-tuning

Partial Model (Hou et al., 2023), Fixed-PTM Prompt Textual data (Hada and Shevade, 2021; Qiu et al.,

Tuning (Guo et al., 2023) 2021; Li et al., 2023b; Geng et al., 2022c;

Explainable RS

Pre-training w/o Fine-tuning (Geng et al., 2022b), Fine-tuning Zhou et al., 2020; Penha and Hauff, 2020;

Holistic Model (Xie et al., 2023), Fixed-PTM Prompt Xie et al., 2023; Zhao, 2022; Hou et al., 2023;

Tuning (Li et al., 2023b), Fixed-prompt PTM Tuning Li et al., 2023a);

(Li et al., 2023a), Tuning-free Prompting (Geng et al., 2022c) Sequential data (Sun et al., 2019; Geng et al., 2022c;

Zero-Shot RS Tuning-free Prompting (Geng et al., 2022c) Zhou et al., 2020; Geng et al., 2022b; Liu et al.,

Sequential RS

Pre-training w/o Fine-tuning (Sun et al., 2019), Fine-tuning 2021; Hou et al., 2023; Guo et al., 2023);

Holistic Model (Zhao, 2022), Fine-tuning Partial Model Graph (Geng et al., 2022b; Liu et al., 2021);

(Hou et al., 2023), Fine-tuning External Part (Zhou et al., 2020), Multi-modal data (Liu et al., 2021)

Fixed-PTM Prompt Tuning (Guo et al., 2023), Tuning-free

Prompting (Geng et al., 2022c)

Conversational RS Fine-tuning Holistic Model (Penha and Hauff, 2020)

Top-N RS Fine-tuning External Part (Liu et al., 2021)

Yelp Link

Rating Prediction
Fine-tuning Holistic Model (Xie et al., 2023), Fine-tuning

External Part (Hada and Shevade, 2021; Geng et al., 2022a),

Tuning-free Prompting (Geng et al., 2022c)

Cross-domain RS Fine-tuning Holistic Model (Qiu et al., 2021) Textual data (Hada and Shevade, 2021; Qiu et al.,

Explainable RS
Fine-tuning Holistic Model (Xie et al., 2023), Fine-tuning 2021; Li et al., 2023b; Geng et al., 2022c;

External Part (Geng et al., 2022a), Fixed-PTM Prompt Tuning Xiao et al., 2021; Zhou et al., 2020; Xie et al.,

(Li et al., 2023b), Tuning-free Prompting (Geng et al., 2022c) 2023); Sequential data (Geng et al., 2022c;

Zero-Shot RS Tuning-free Prompting (Geng et al., 2022c) Xiao et al., 2021; Zhou et al., 2020; Sankar et al.,

Sequential RS
Fine-tuning Holistic Model (Xiao et al., 2021), Fine-tuning 2021); Graph Xiao et al., 2021; Zheng et al., 2022;

External Part (Zhou et al., 2020), Tuning-free Prompting Wang et al., 2023a);

(Geng et al., 2022c) Multi-modal data (Geng et al., 2022a)

Top-N RS
Pre-training w/o Fine-tuning (Zheng et al., 2022), Fine-tuning

Holistic Model (Wang et al., 2023a), Fine-tuning External Part

(Sankar et al., 2021)

TripAdvisor Link

Rating Prediction
Fine-tuning Holistic Model (Xie et al., 2023), Fine-tuning

External Part (Geng et al., 2022a) Textual data (Li et al., 2023b; Xie et al., 2023);

Explainable RS
Fine-tuning Holistic Model (Xie et al., 2023), Fine-tuning Multi-modal data (Geng et al., 2022a)

External Part (Geng et al., 2022a), Fixed-PTM Prompt Tuning

(Li et al., 2023b)

MIND Link Top-N RS

Fine-tuning Holistic Model (Xiao et al., 2022), Fine-tuning Textual data (Xiao et al., 2022; Yu et al., 2022;

Partial Mode (Yu et al., 2022), Fine-tuning External Part Zhang and Wang, 2023); Sequential data

(Yu et al., 2022), Fixed-prompt PTM Tuning (Zhang and Wang, (Xiao et al., 2022; Yu et al., 2022)

2023)

ReDial Link Conversational RS
Fine-tuning Holistic Model (Li et al., 2022), Fixed-PTM Textual data (Wang et al., 2022d; Yang et al.,

Prompt Tuning (Wang et al., 2022d), Fixed-prompt PTM 2022a; Li et al., 2022; Graph (Li et al., 2022)

Tuning (Yang et al., 2022a)
Polyvore Outfits Link Fashion RS Fine-tuning Partial Model + External Part (Sarkar et al., 2022) Multi-modal data (Sarkar et al., 2022)
MIMIC-III Link Medication RS Fine-tuning External Part (Shang et al., 2019) Graph (Shang et al., 2019)
Stackoverflow Link Top-N RS Fine-tuning Holistic Mode (He et al., 2022) Textual data (He et al., 2022)
Online Retail Link Cross-domain RS Fine-tuning Partial Model (Hou et al., 2022) Textual + Sequential data (Hou et al., 2022)

Table 2: A list of commonly used and publicly accessible real-world datasets for LMRS.

(USR) are also widely used metrics to measure
fluency, diversity, and informativeness of gen-
erated texts. Other evaluation metrics are lever-
aged with respect to special requests in LMRSs.
For instance, Xie et al. (2023) adopted Entail-
ment Ratio and MAUVE to measure if the gen-
erated explanations are factually correct and how
close the generated contents are to the ground

truth corpus, respectively. Geng et al. (2022a)
adopted Feature Diversity (DIV) and CLIPScore
(CS) to measure the generated explanations and
text-image alignment. Besides, to assess the sys-
tem’s capability to provide item recommendations
during conversations, Wang et al. (2022a) com-
puted the Item Ratio within the final generated
responses. They evaluated the recommendation
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Figure 3: The statistics of evaluation metrics on rec-
ommendation utility and generated text quality in
LMRS.

performance in an end-to-end manner to prevent
the inappropriate insertion of recommended items
into dialogues.

Human evaluation complements objective eval-
uation, as automatic metrics may not match sub-
jective feedback from users. Liu et al. (2023a)
pointed out that human subjective and automatic
objective evaluation measurements may yield op-
posite results, which underscores the limitations
of existing automatic metrics for evaluating gen-
erated explanations and dialogues in LMRSs.
Figure 3 displays usage frequency statistics for
different evaluation metrics in their respective
tasks.

7.2 Discussion on Evaluation Across Datasets

In this section, we compare the results obtained
from various models using commonly used data-
sets. Specifically, based on the reported results in
the paper, we measured the improvement achieved
by different models compared to a shared base-
line and evaluated them using the same metrics on
the same dataset. The comparisons are presented
in Table 3–6. Most improvements are highlighted
in bold, and N@k denotes NDCG@k, H@k de-
notes HitRate@k. It’s important to recognize that
a comprehensive and precise assessment cannot
be achieved without a carefully designed platform
and thoughtful settings for conducting the exper-
iments. Various factors, such as diverse training
platforms, parameter settings, and data split strat-
egy, can lead to fluctuations in the results. Hence,
it is essential to consider the analysis solely for
reference purposes. From the tables, we can ob-

serve that: First, among the four conversational
recommender systems assessed using the ReDial
dataset, fixed prompt PTM tuning paradigm Yang
et al. (2022a) demonstrate the most significant
improvements compared to the shared baselines.
Second, on the Amazon dataset, zero-shot and
few-shot learning of ChatGPT underperformed
the supervised recommendation baselines (Liu
et al., 2023a). This could be due to language mod-
els’ strength in capturing language patterns rather
than effectively collaborating to suggest similar
items based on user preferences (Zhang et al.,
2021b). Additionally, Liu et al. (2023a) pointed
out that the position of candidate items in the item
pool can also affect the direct recommendation
performance. Another prompting-based model,
P5, showed the most improvements for both Ama-
zon and Yelp datasets (Geng et al., 2022c), which
verifies the need for more guidance when using
large pre-trained language models for recommen-
dations. Finally, for news recommendation on the
MIND dataset, Xiao et al. (2022) introduced a
model-agnostic fine-tuning framework with cache
management, which can accelerate the model
training process and yield the most improvements
over the baselines.

8 Discussion and Future Directions

Despite the effectiveness of LM training par-
adigms has been verified in various recommen-
dation tasks, there are still several challenges that
could be the future research directions.

Language Bias and Fact-consistency in Lan-
guage Generation Tasks of Recommendation.
While generating free-form responses of conver-
sational recommender systems or explanations of
the recommended results, the generative compo-
nents of existing LMRSs tend to predict generic
tokens to ensure sentences fluency or repeat cer-
tain universally applicable ‘‘safe’’ sentences (e.g.,
‘‘the hotel is very nice’’ generated from PETER
[Li et al., 2021]). Therefore, one future research
direction is to enhance the diversity and pertinence
of generated explanations and replies while main-
taining language fluency, rather than resorting to
‘‘Tai Chi’’ responses. Additionally, generating
factually consistent sentences is also an urgent
research problem that needs to be addressed but
has not received sufficient attention (Xie et al.,
2023).

1563



Metrics
Fine-tune Holistic Model Fixed-PTM Prompt Tuning Fixed-prompt PTM Tuning

(Wang et al., 2022b) (Li et al., 2022) (Wang et al., 2022d) (Wang et al., 2022c)

ReDial KBRD KGSF ReDial KBRD KGSF ReDial KBRD KGSF ReDial KBRD KGSF
Recall@1 1.458 0.903 0.513 – – – 1.217 0.545 0.457 1.333 0.860 0.436

Recall@10 0.174 0.6 0.311 0.307 0.219 0.115 0.736 0.28 0.266 0.829 0.707 0.399
Recall@50 0.291 0.229 0.093 0.268 0.154 0.043 0.439 0.248 0.128 0.422 0.354 0.204
Distinct-2 1.031 0.738 0.581 0.541 0.149 0.159 1.187 0.751 0.629 2.653 2.125 1.844
Distinct-3 1.767 0.774 0.505 1.408 0.492 0.204 1.746 0.71 0.497 3.881 2.13 1.654
Distinct-4 2.338 0.799 0.466 1.524 0.7 0.225 2.649 0.9 0.597 4.759 2.104 1.530

Table 3: LMRSs performance comparison using common benchmarks on the ReDial dataset.

Training Strategy Paper
Caser GRU4Rec SASRec

H@5 N@5 H@10 N@10 H@5 N@5 H@10 N@10 H@5 N@5 H@10 N@10
Pre-train (Sun et al., 2019) 0.3582 0.5229 0.168 0.3691 0.2392 0.3643 0.1398 0.2815 0.1412 0.1135 0.1402 0.1402
Fine-tune Extra Part (Zhou et al., 2020) 0.4848 0.5354 0.3968 0.4857 0.4406 0.5022 0.341 0.4443 0.2034 0.1963 0.1725 0.1825

Tuning-free Prompt
(Geng et al., 2022c) 1.478 1.8931 0.9135 1.4375 2.0976 2.8283 1.3463 2.1314 0.3127 0.5221 0.0975 0.3491
(Liu et al., 2023a) −0.3415 0.0305 −0.611 −0.233 – – – – −0.6512 −0.4578 −0.7769 −0.5755

Table 4: LMRSs performance comparison using common benchmarks on the Amazon Beauty dataset.

Training Strategy Paper
Caser SASRec BERT4Rec GRU4Rec

H@5 N@5 H@10 N@10 H@5 N@5 H@10 N@10 H@5 N@5 H@10 N@10 H@5 N@5 H@10 N@10
Fine-tune Holistic Model (Xiao et al., 2021) 0.2097 0.1953 0.2078 0.1966 0.2581 0.2380 0.2811 0.2533 0.0666 0.087 0.617 0.081 0.3022 0.3961 0.2.26 0.3153
Fine-tune Extra Part (Zhou et al., 2020) 0.1906 0.178 0.1597 0.1753 0.0592 0.07 0.0477 0.0629 0.0182 0.035 0.0168 0.0326 0.1192 0.1631 0.0633 0.1278
Tuning-free Prompt (Geng et al., 2022c) 2.8013 3.1979 1.7945 2.4651 2.5215 3.03 1.5803 2.2868 10.2549 11.2121 6.8556 8.9333 2.7763 3.0707 1.6882 2.3358

Table 5: LMRSs performance comparison using common benchmarks on the Yelp dataset.

Training Strategy Paper
NAML NPA LSTUR NRMS

AUC MRR N@5 N@10 AUC MRR N@5 N@10 AUC MRR N@5 N@10 AUC MRR N@5 N@10
Fine-tune (Zhang et al., 2021a) 0.0635 0.0895 0.0973 0.0816 0.0722 0.1126 0.127 0.1092 0.0537 0.1026 0.1132 0.0941 0.0446 0.0731 0.0786 0.0667

Holistic Model (Xiao et al., 2022) 0.0913 0.1784 0.1974 0.1713 0.1343 0.2855 0.32 0.2793 0.1456 0.3018 0.3448 0.2906 0.0746 0.1612 0.1825 0.1575
Fine-tune Partial/ (Wu et al., 2021) 0.0401 0.0608 0.0666 0.0553 0.039 0.063 0.0654 0.0538 0.037 0.0594 0.0659 0.0525 0.0361 0.0631 0.0661 0.0517

Extra Part (Shin et al., 2023) – – – – 0.0772 0.1416 0.1557 0.1231 0.0572 0.1131 0.1281 0.1041 0.0611 0.1066 0.1222 0.094

Table 6: LMRSs performance comparison using common benchmarks on the MIND dataset.

Knowledge Transmission and Injection for
Downstream Recommendations. Improper
training strategies may cause varying degrees
of problems when transferring knowledge from
pre-trained models. Zhang et al. (2022) have
pointed out the catastrophic forgetting problem
in continuously-trained industrial recommender
systems. The degree of domain knowledge pre-
trained models possess and the effective ways to
transfer and inject it for recommendation purposes
are both open questions. For example, Zhang
et al. (2021b) experimented with a simple ap-
proach to injecting knowledge through domain-
adaptive pre-training, resulting in only limited
improvements. Furthermore, questions about
maximizing knowledge transfer to different rec-
ommendation tasks, quantifying the degree of
transferred knowledge, and whether an upper
bound for knowledge transfer exists are all valu-
able issues that need to be studied and explored
in the AI community.

Scalability of Pre-training Mechanism in Rec-
ommendation. As model parameters growing
larger and larger, the knowledge stored in them
is also increasing. Despite the great success of
pre-trained models in multiple recommendation
tasks, how to maintain and update such com-
plex and large-scale models without affecting the
efficiency and accuracy of recommendations in
reality needs more attention. Some works have
proposed improving model updating efficiency
by fine-tuning a partial pre-trained model or an
extra part with far fewer parameters than the
model’s magnitude. However, Yuan et al. (2020b)
empirically found that fine-tuning only the output
layer often resulted in poor performance in recom-
mendation scenarios. While properly fine-tuning
the last few layers sometimes offered promis-
ing performance, the improvements were quite
unstable and depended on the pre-trained model
and tasks. Yu et al. (2022) proposed compress-
ing large pre-trained language models into student
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models to improve recommendation efficiency,
while Yang et al. (2022b) focused on accel-
erating the fine-tuning of pre-trained language
models and reducing GPU memory footprint for
news recommendation by accumulating the gra-
dients of redundant item encodings. Despite all
these achievements, efforts are still needed in this
rapidly developing field.

Balancing Multiple Objectives in Pre-training.
Much research uses multi-task learning objec-
tives to better apply the knowledge learned in the
pre-training phase to downstream tasks (Geng
et al., 2022c; Wang et al., 2023a). The primary
objective of multi-task learning for recommen-
dation is to enhance recommendation accuracy
and/or other related aspects by promoting interac-
tions among related tasks. The learning optimiza-
tion process requires trade-offs among different
objectives. For instance, Wang et al. (2023b) fine-
tuned parameters to optimize and balance the
overarching goals of topic-level recommendation,
semantic-level recommendation, and a specific
aspect of topic learning. Similarly in Wang et al.
(2022c), the authors employed a parameter that
required learning to achieve a balance between
conversation generation objective and quotation
recommendation objective. Yang et al. (2022a)
proposed a conversational recommendation frame-
work that contain a generation module and a
recommendation module. The overall objectives
were designed to balance these two modules with
a parameter learned through a fine-tuning pro-
cess. However, improper optimization can lead
to other problems, as pointed out by Deng et al.
(2023) that ‘‘Error Propagation’’ may occur when
solving multiple tasks in sequential order, leading
to a decrease in performance with the sequential
completion of each task. Although some poten-
tial solutions to this issue (Deng et al., 2023; Li
et al., 2022; Geng et al., 2022a) were suggested,
further verification is still needed.

Multiple Choices of PLM as Recommendation
Bases. With the advances in variational PLMs,
including ChatGPT, and their success in vari-
ous downstream tasks, researchers have started
exploring the potential of ChatGPT in conversa-
tional recommendation tasks. For example, Liu
et al. (2023a) and Gao et al. (2023) have investi-
gated the ability of GPT-3/GPT-3.5-based Chat-
GPT in zero-shot scenarios, using human-designed

prompts to assess its performance in rating
prediction, sequential recommendation, direct
recommendation, and explanation generation.
However, these studies are just initial explo-
rations, and more extensive research is required
on different recommendation tasks based on var-
ious pre-trained language models. This includes
prompt design and performance evaluation in di-
verse domains. Moreover, recent LMRS stud-
ies have yet to explore instruction tuning, which
could be a promising direction for future research.

Privacy Issue. The study conducted by Yuan
et al. (2020b) revealed that pre-trained models
can infer user profiles (such as gender, age, and
marital status) based on learned user representa-
tions, which raises concerns about privacy protec-
tion. The pre-training process is often performed
on large-scale web-crawled corpus without fine-
grained filtering, which may expose users’ sen-
sitive information. Therefore, developing LMRS
that strike a balance between privacy and high-
performance recommendation algorithms remains
an open issue.
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