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Abstract—Explainable recommendation systems aim to provide
both recommendation results and corresponding explanations to
enhance user trust and engagement. Existing post-hoc methods
leverage pre-trained language models to generate textual expla-
nations. However, these works hardly consider the latent topical
structures in user reviews, resulting in generic and repetitive
explanations with limited personalization. To address this issue,
this paper introduces TPLER (Topic-enhanced Prompt Learning
for Explainable Recommendation), a novel model that integrates
topical preferences into prompt learning to generate more per-
sonalized and higher-quality explanations. Our approach employs
a topic-enhanced feature extraction strategy based on Latent
Dirichlet Allocation (LDA) to explicitly model user and item
topical preferences from review texts. These topic-aware features
are fed into a pre-trained transformer model via continuous and
discrete prompts, guiding the generation process. Continuous
prompts encode rating information to capture personalized user-
item interactions, while discrete prompts are obtained from topic-
enhanced features. A two-stage multi-task training strategy is
proposed to jointly optimize the rating prediction and explanation
generation tasks. Experiments on three benchmark datasets show
that TPLER achieves an average improvement of 7.93% across
text quality metrics (BLEU-1/4, ROUGE-1/2/L) and 21.63%
for personalization metrics, verifying the effectiveness of our
proposed TPLER model.

Index Terms—explainable recommendation, prompt learning,
pre-trained language model, topic model

I. INTRODUCTION

Recommendation systems have developed into an essential
part for various online applications, including e-commerce
platforms [1], search engines [2], and interactive services [3].
However, conventional recommendation systems prioritize
providing users with more accurate recommendation results.
The lack of explanation for why these recommendations are
made undermines user’s trust and deprives developers of
effective guidance for system optimization [4].

Explainable recommendation systems aim to present recom-
mendation results while providing corresponding explanations.
As a research area that has been attracting sustained attention,
there are two main lines of existing work on explainable
recommendation: embedded and post-hoc methods. Embedded
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methods enable explainability of recommendation models by
revealing the decision-making process behind recommenda-
tion results. They represent user-item interactions with ex-
ternal knowledge, such as Tag-based Graphs [5], Knowledge
Graphs [6] and Causal Graphs [7], with the optimization
objective being to improve rating prediction performance.
However, these methods rely on structured knowledge for
model construction. The difficulty in obtaining high-quality
datasets compromises both the accuracy and explainability
of recommendation results. Post-hoc methods [8] separate
the explainable recommendation task into a rating prediction
task and an explanation generation task. Multi-task learning
facilitates the joint optimization of both tasks, which utilizes
shared latent personalized representations but employs individ-
ual models to output the final rating prediction and explana-
tion generation [9]. Due to the abundance and accessibility
of textual reviews online and the remarkable performance
of pre-trained language models in text generation tasks, a
predominant research of post-hoc explainable recommendation
focus on the generation of personalized textual explanations in
recent years. How to improve the personalization and quality
of explanations is the key issue. For example, NRT [10]
and Att2Seq [11] employed shared latent user and item ID
embeddings to enhance personalization, while utilizing Gated
Recurrent Unit (GRU) and Long Short-Term Memory (LSTM)
architectures to guarantee the quality of the generated text.
Since a user might not be interested in all features of
an item, PETER [12] and ERRA [13] integrated important
features extracted from reviews that reflect user preferences
into shared personalized representations and generated text
based on Transformer. PEPLER [14] utilized the Generative
Pre-Training (GPT) series with stronger language modeling
capabilities as its generation model.

Despite the achieved progress, these methods still suffer
from inappropriate feature extraction strategy, limiting the
personalization of the generated text. As shown in Fig. 1,
textual reviews exhibit a latent topical structure [15]. Users
primarily describe a hotel through several topics, represented
by different colors in the figure, such as “Price”, “Location”,
“Room” and “Food”. When extracting user and item features
from reviews, existing methods like PETER [12] and PE-
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Fig. 1: Examples of different users’ reviews for the same hotel
and explanations generated by PETER and PEPLER.

PLER [14], do not consider the underlying topic distribution of
the text, resulting in generated explanations that mostly consist
of repetitive sentences with general features and same topics.
For example, Fig. 1 demonstrates that the “Location” topic
becomes the most frequently occurring topic in the generated
sentences. Topic models, such as Latent Dirichlet Allocation
(LDA) [16], are widely used in review-based recommender to
improve rating prediction accuracy [15] [17]. The learned topic
distributions are often used to enrich the user and item rep-
resentations [18]. How to design a feature extraction strategy
that integrates topic information to enhance the personalization
and quality of generated explanations is our key focus.

To this end, we propose to adjust the existing pre-trained
language models (GPT-2) for explainable recommendation.
By designing a topic-enhanced feature extraction strategy,
user and item ID embeddings, combined with topic-enhanced
features, are incorporated as prompts to guide the generation
of more personalized and higher-quality explanations.

The main contributions are as follows:

o By analyzing user-item interaction reviews, we design
a topic-enhanced feature extraction strategy based on
the LDA model to explicitly capture user and item
preferences. This alleviates the problem of insufficient
personalization in explainable recommendation models
caused by the lack of topic information mining.

e We propose the model, denoted as TPLER (Topic-
enhanced Prompt Learning for Explainable Recommen-
dation). A topic-enhanced prompt learning module is
designed. Ratings are incorporated into the continuous
prompts to capture personalized features, while a topic-
enhanced strategy is applied to the discrete prompts to
model topic preferences.

o Extensive experiments conducted on three benchmark
datasets demonstrate the superiority of our TPLER model
over various state-of-the-art baselines, showcasing its
effectiveness in improving recommendation performance.

II. RELATED WORK

A. Explainable Recommendation

The relevant research on explainable recommendation can
be classified into two types: embedded and post-hoc meth-
ods [4]. Since embedded methods rely on structured knowl-

edge for model construction, the explainable recommenda-
tion model proposed in this paper employs the post-hoc
method. Recommendation explanations take various forms,
such as aspect-based [19], textual [20] [21], and visual ex-
planations [22]. Due to the widespread availability of tex-
tual information on the internet, such as reviews, posts, and
product descriptions, text has become the optimal carrier for
explanations. Relevant approaches can be classified into text
extraction-based models [20] and text generation-based mod-
els [23]. Advances in deep learning have spurred significant in-
terest in generation-based explainable recommendation. While
recurrent neural networks like GRU [10] and LSTM [11], as
well as Transformers [12] [13], have been widely utilized to
generate personalized explanations, the adaptation of advanced
pre-trained language models for personalization tasks is still
in early stages.

B. Pre-trained Language Models and Prompt Learning

Pre-trained language models (PLMs) [24] have demon-
strated exceptional proficiency in a wide range of natural
language understanding and generation applications, such
as question answering systems [25] and conversational sys-
tems [3]. For example, LLM2ER-EQR [26] adapted Instruct-
GPT [27] to generate explanations in a pretraining-finetuning
paradigm. Since retraining a large transformer model demands
substantial computational resources, prompt learning [28] has
become as a new paradigm. Studies have shown that the
potential of PLMs can be elicited through textual prompts or
in-context demonstrations, particularly in data-scarce environ-
ments. PEPLER [14] treats the user and item ID embeddings
as continuous prompts and the extracted feature words as
discrete prompts. These two types of prompts are fed into
GPT-2 to generate personalized explanations. However, ex-
isting prompts fail to account for the latent topic structure
of textual reviews, resulting in generated explanations with
limited personalization and suboptimal quality.

C. Review-based Rating Prediction

Rating prediction methods for recommendation can typi-
cally be categorized into three types: collaborative filtering
(CF), content-based filtering (CBF), and hybrid methods [29].
CF leverages observed rating matrix between users and items
to make predictions. CBF employs auxiliary information to
alleviate the rating matrix sparsity problems in CF. Reviews, as
a common auxiliary information, can be utilized to extract se-
mantic features [15] [30]. Most exsiting methods derived from
LDA and treat a corpus as a mixture of topics (aspects) [18].
TopicMF [31] employed the learned topic distributions as
model regularization to enhance the accuracy of rating predic-
tion. TopicVAE [32] integrated attention-based topic extraction
and variational inference to achieve fine-grained disentan-
gled representation learning. However, researchers have rarely
focused on leveraging topic information to simultaneously
optimize the accuracy of rating predictions and the quality
of generated explanations.
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Fig. 2: The overall framework of our proposed TPLER Model.

III. PROBLEM FORMULATION

Given a user set U, an item set I, a user-item raing matrix
R, and a user-item review text corpus C, the objective of
topic-enhanced explainable recommendation is to predict the
rating 7,; of a user u € U for an item ¢ € I, while also
generating a fluent, personalized, and semantically topic-aware
textual explanation e,; = {1, éa, ...6, } to clarify the rationale
behind the recommendation.

IV. METHODOLOGY
A. Overall Framework

The overall framework of our proposed TPLER model
is shown in Fig. 2, mainly consists of two components:
topic-enhanced prompt learning and explanation generation.
The topic-enhanced prompt learning component first extracts
personalized topic features by linking user and item ID embed-
dings with their associated topic information. Subsequently,
the obtained implicit ID embeddings and explicit topic features
are adapted to the pre-trained transformer via continuous
prompt and discrete prompt, respectively. Finally, a two-
stage multi-task joint optimization strategy is employed to
achieve topic-enhanced personalized recommendation expla-
nation generation.

B. Topic-enhanced Prompt Learning

Given the review words set as V' = {w1, ..., wy, ...wjy |},
where |V] is the total number of words. The review of user u
is denoted as x,,, which can be composed of a subset of the
above word set. z,, represents the topic assigned to each word
in z,. Therefore, the user review Xy can be represented as
a matrix Xy = [Typ]uv. Similarly, for all items, the review

of item i is denoted asx;, which also can be composed of
a subset of the word set V. z; represents the topic assigned
to each word in x;. Thus, the item review content X; can be
represented as a matrix X; = [z;,]7v. Assume that the review
content of both users and items shares a common latent topic
space, with the number of topics being K.

When users comment on items, their reviews tend to focus
more on describing the attributes of the items themselves rather
than expressing personal preference tendencies. When users
provide ratings, the scores they give reflect their degree of
preference for various attributes of the items. Based on the
above observations, the latent topic parameter § € RIUVXK ig
defined to represent how each topic is emphasized in users’
comment on items. The topic-word matrices for the user and
item domains are defined as ¢, € RV*X and ¢; € RV*K,
respectively. Let v, € RV*K and ; € R’*X denote the user
and item ID embeddings learned from rating information.

a) Topic-enhanced Feature Extraction: To associate the
ID embeddings -y, 7; and @, intuitively, ~; represents the
attributes of an item, and users decide whether to give a high
rating based on whether they like these attributes according to
their personal preferences +,. On the other hand, the topics
0, ¢, and ¢; define specific distributions of words appearing
in reviews. The objective of the transformation function is as
follows: if a user or item exhibits a particular rating preference
attribute (i.e., a high value of 7, or 7;x), it should correspond
to a specific topic described in the reviews (i.e., high values
of 0, and 6;;).

Therefore, inspired by the assumptions in TopicMF [31],
the transformation function in the topic-enhanced feature
extraction strategy proposed in this paper should satisfy the



following conditions: (1) 7., and ~;; can take any real
values, while > kK 0;ur = 1. (2) The transformation function
should be monotonic, ensuring that the maximum value of ~;
corresponds to the maximum value of 6;, and similarly for
Yo and 6,. (3) The contributions of users and items to the
topic 6 are different. Specifically, the transformation function
is formulated as:

exp(o17yir)
-1 exp(o1yin)
) erp(o2Yuk)
25:1 exp(oaYuk)

As shown in (1), the parameter « controls the contribution
of item ratings and user ratings to the topic 6. The parameters
o1 and oy control the shape of the softmax function. When
o1 — 1, users tend to focus more on the core topics of the
target item; when o; — 0, users tend to discuss all topics
of the target item uniformly. Similarly, when oo — 1, users
always tend to discuss the important topics they care about;
when g9 — 0, users are willing to discuss all topics they are
concerned about in their reviews.

After obtaining the review topic distribution 8;,, the user
topic-word distribution ¢,,, and the item topic-word distribu-
tion ¢;, the probability of generating a word from a review is
as follows:

eiuk =

(D

+(1-«a

p(w®zy) = p(w|k)p(klz.) =

Z gzuk: ¢uk (2)

p(w(k)|$z) (U)|]€ k|xz Zazuk¢tk (3)

Therefore, for each topic k¥ € K, the words are sorted in
descending order according to p(w|z,,) and p(w|xz;). The word
with the highest probability is selected as the feature for user

u and item ¢ under topic k, as shown below:

®)|2,,) (4)

Wy = arg max p(w
weV

wgy, = arg max p(w® |z;) (5)
weV

b) Continuous Prompts: Continuous Prompts are com-
posed of vector sequences that cannot be directly understood
by humans. For user and item ID embeddings, if they were
all treated as unknown tokens and added to the pre-trained
model, the model would face high computational costs when
predicting explanation text from a vast number of unknown
tokens. Therefore, similar to the handling of continuous
prompts in [14], we treat user and item ID embeddings as two
additional token types. Since the embeddings and the GPT-2
token embeddings have different dimensions, we use a linear
projection to conform the dimension of +,, and y; to that of the
GPT-2 token embeddings. The continuous prompt vectors p,,
for user u and ¢; for item ¢ can be obtained by the following
equations:

Du = Linear(")/u)gu (u) (6)

q; = Linear(;)g:(i) (7

Where g,(u) € {0,1}Yl, g;(i) € {0,1}/I. Non-zero
elements represent the position of w and 7. The values of the
embeddings vy, and ~y; are randomly initialized and updated
during training through backpropagation.

c) Discrete Prompts: The token representations of
word-based discrete prompts f could be obtained by mapping
each word to its corresponding vector via token embedding
operation in GPT-2. Furthermore, to derive the K feature
embeddings that capture the aspects a user emphasizes in
reviews, we integrate the user and item features via a linear
fusion function. This step consolidates the number of discrete
prompts from 2K to K.

f = Linear([Emb(w,); Emb(w;)]) (8)
Where Emb is the word embedding layer of GPT-2.

C. Explanation Generation

Our proposed TPLER model is built upon a pre-trained
Transformer backbone (GPT-2). The input sequence is denoted
as Sui = [Pu,is f1, -5 [K, €1, -5 € B, ||, Where p, and ¢; are
continuous prompts obtained from the user and item ID em-
beddings. f1.x are discrete prompts containing topic-enhanced
personalized features. ey, ,,| denote the token representations
of the explanation text sequence. K is the number of topics,
and |E,;| denotes the number of explanation tokens. Then the
positional encoding representation [p1, s D) Sm\] is added to
the token representation .S,,;, forming the input sequence to the
pre-trained language model. This input sequence is passed into
the pre-trained language model, producing an output sequence
representation denoted as h = [hy,..., hyg,,(]. Finally, each
token in h is projected through a linear matrix into a word
probability distribution, as shown in the following equation:

ct = Softmax(Why + bY) 9)

Where c; represents the probability distribution over vocab-
ulary V. W¥ € RIVIxtent and p* € RIVI are weight parame-
ters. len; denotes the dimension of the token embeddings.

The TPLER model generates the explanation text
auto-regressively word by word, employing a greedy decoding
strategy during inference stage. We utilize the Negative Log-
Likelihood Loss (NLL) as the loss function for text generation,
which ensures the similarity between generated words and
ground-truth words.

1 1
Lo= =
7l 2 [Buil 2

(u,i)eT

| Euil

Z logcQ+K+t (10)

T denotes the training set. Unlike the generation loss of
existing models, the input contains two continuous prompts
and K discrete prompts, resulting in a position shift of 2 4 K
for the output distribution cf*.

For the rating prediction task, TPLER employs Matrix
Factorization (MF) as the backbone model to enhance the
personalized representation capability of continuous prompts.



The predicted rating is obtained from the dot product of the
continuous prompts of user v and item ¢, as shown in the
following equation:

Pui = Puti (n
The rating prediction loss Lg is given by:
1 .
Lr= 17 > (Fui = Tui)’ (12)

(u,i)ET

Additionally, based on (1), TPLER establishes the associ-
ation between ID embeddings and topic features by fitting
the review context. The loss function for the review corpus,
denoted as L¢, is formulated as follows:

Lo = (06, — Xu)® + (0¢] — X1)?

13)

D. Two-Stage Multi-Task Training

The objective of our proposed model is to jointly op-
timize both the recommendation task and the explanation
generation task. These two tasks are linked via personalized
prompts, based on rating-related parameters © = {v,,7;}
and topic-related parameters ® = {6, ¢,,, ¢; }. Therefore, the
loss functions from (10), (12), and (13) are integrated into a
multi-task learning problem, formulated as follows:

L=Lc+ArLr+ AcLc (14)

Where A\¢ and Ap are tradef-off parameters.

Typically, the parameters in the generation model (10) and
the recommendation model (11) (12) are fitted via gradient
descent, while the parameters in the topic model (13) are
estimated using Gibbs sampling. Since the TPLER model inte-
grates both types, we designs an alternating training strategy to
optimize these two sets of parameters. The procedure consists
of the following two stages:

®) o) — ;
o\, o arg I(I)l}lélﬁ (15)
(" = k) = 00, (16)

In the first stage (15), the topic assignment z (a latent vari-
able) for each word is fixed. Then, the remaining parameters
are fitted via gradient descent.

In the second stage (16), we iterate on the words in the
user and item review corpora to update their topic assign-
ments. Specifically, each word is randomly assigned to a topic
k = 1..K, with a probability proportional to the likelihood
of that topic generating the word. This procedure is similar
to the LDA. The main difference that in TPLER the topic
representation 6 does not follow a Dirichlet distribution but
is determined by the parameters in ©(Y) obtained from the
previous stage via (1). Consequently, in the current stage, only

TABLE I: Detailed Statistics of the Datasets

Datasets Amazon TripAdvisor Yelp
Number of Users 7,506 9,765 27,147
Number of Items 7,360 6,280 20,266

Number of Reviews 441,783 320,023 1,293,247

Number of Features 5,399 5,069 7,340
Avg. Reviews per User 58.86 32.77 47.64
Avg. Reviews per Item 60.02 50.96 63.81
Avg. Words per Review 14.14 13.01 12.32

a single pass through the corpus is required to update the topic
assignments z. That is, after updating ©*) according to (15),
we sample the new topic assignments z.

Finally, the two stages are alternated, updating the parame-
ters until the value of the loss function £ converges.

V. EXPERIMENT

A. Experimental Setting

a) Datasets: This paper employs three widely-used
benchmark datasets [14] in recommender systems for the
experiments: TripAdvisor1 (hotels), Amazon® (Movies & TV),
and Yelp ® (restaurants). Detailed statistical information pro-
vided is shown in Table I. The datasets are split into training,
validation, and test sets with ratio 8:1:1.

b) Baseline Methods: For the explanation generation
task, to evaluate the explainability of the model, we conduct
comparisons with text generation-based models.

o NRT [10] Based on predicted ratings and word distribu-
tions in reviews, GRUs are used to generate explanations
word by word.

e CAML [9] The most relevant reviews and words are se-
lected through a mutual attention mechanism to generate
recommendation explanations.

o PETER [12] ID embeddings and feature embeddings are
integrated into the Transformer, which serves as the initial
vector to generate recommendation explanations.

o PEPLER [14] Recommendation explanations are gener-
ated using pre-trained language models (GPT-2) based on
prompt learning.

For the rating prediction task, the model’s accuracy is
primarily compared with traditional matrix factorization-based
recommendation models and deep learning-based recommen-
dation models. All comparative models utilize reviews as aux-
iliary information to enhance rating prediction performance.

o TopicMF [31] A topic-enhanced matrix factorization rat-
ing prediction model which considers the ratings and
accompanied review texts.

o Deep learning-based models, like NRT [10], CAML [9],
and PETER [12], are based on multi-task learning to si-
multaneously optimize both rating and explanation tasks.

Uhttps://www.tripadvisor.com
Zhttps://jmcauley.ucsd.edu/data/amazon
3https://www.yelp.com/dataset



TABLE II: Explanation generation performance comparison

Dataset Model Personalization Text Quality
FMR{t FCRT DIV] USRT Bl11T B41T R1T R21T RL?Y
NRT 0.08 0.12 2.98 0.13 1094 074 1193 1.06 9.17
CAML 0.06 0.09 3.09 0.21 1021 073 11.50  0.92 8.92
Amazon PETER 0.08 0.09 2.87 0.20 10.78 079 1290 1.56 9.77
PEPLER 0.11 0.19 245 0.37 1212 082 13.10 1.65 9.94
TPLER 0.12 0.24 2.58 0.46 12.66 094 1393 192 1047
NRT 0.05 0.10 4.02 0.09 13.07 075 1356 1.70  10.25
CAML 0.05 0.13 3.90 0.12 1328 076 1425 159 10.56
TripAdvisor ~ PETER 0.07 0.18 3.57 0.16 1433 089 14.02 194 11.61
PEPLER 0.07 0.19 2.86 0.18 1432 109 1413 203 12.14
TPLER 0.07 0.19 2.76 0.24 1459 110 1435 210 1246
NRT 0.05 0.09 2.31 0.08 9.50 0.52 9.89 1.10 8.35
CAML 0.06 0.08 2.95 0.07 9.25 045 1002 1.07 8.23
Yelp PETER 0.07 0.10 2.68 0.08 10.09 049 1034 1.00 8.46
PEPLER 0.08 0.11 2.18 0.09 10.11  0.54 1081 1.06 9.06
TPLER 0.08 0.23 2.10 0.14 11.39  0.68 11.32 1.15 9.93

The best performance on each dataset is highlighted in bold. Bl and B4 represent BLEU-1 and BLEU-4. R1, R2 and RL represent recall score for
ROUGE-1, ROUGE-2 and F1 score for ROUGE-L. Arrows indicate the direction of better performance (1: higher is better; |: lower is better).

¢) Evaluation Metrics: We adopt two common metrics,
BLEU [33] and ROUGE [34], to evaluate explanation quality.
Precision is measured by BLEU-1 and BLEU-4, recall by
ROUGE-1 and ROUGE-2, and the Fl-score of ROUGE-L
provides an overall measure. Following PEPLER [14], we also
measure explanation personalization using the Feature Match-
ing Ratio (FMR), Feature Coverage Ratio (FCR), Feature
Diversity (DIV), and Unique Sentence Ratio (USR). We also
adopt Root Mean Square Error (RMSE) and Mean Absolute
Error (MAE) to evaluate the rating prediction performance.

d) Implementation Details: Our experiments are con-
ducted on an NVIDIA GeForce RTX 4090 GPU. The model
utilizes pre-trained GPT-2 [35] from huggingface as its back-
bone network. GPT-2 employs Byte Pair Encoding (BPE) for
vocabulary construction. The embedding dimension in GPT-2
is 768. The TPLER model is optimized using AdamW, with
the batch size set to 128 and the learning rate set to 0.001.
For the proposed model, the contribution parameter « is set
to 0.5. The balancing parameters A¢c and \g are set to 1 and
0.1. The latent topics are initialized to K = 10.

B. Experimental Results and Analysis

The experiments mainly aim at addressing the following
research questions:

RQ 1: Does the proposed TPLER model outperform the
baseline models on both the explanation generation task and
the rating prediction task?

RQ 2: Does the topic-enhanced feature extraction strategy
contribute to the two tasks? Does multi-task learning of the
rating prediction task and the explanation generation task
benefit the performance of both tasks?

RQ 3: How does the number of topics affect the model’s
performance?

RQ 4: Can topic-enhanced prompts generate explanations
that better adhere to the topics of ground-truth texts?

a) Performance Comparison (RQI): The performance
comparison of explanation generation results on different
datasets are shown in Table II. The proposed TPLER achieves
an average improvement of 7.93% across text quality metrics
(BLEU-1/4, ROUGE-1/2/L) and 21.63% across personaliza-
tion metrics over the best baseline, PEPLER. In terms of
text quality, TPLER consistently achieves higher scores on
BLEU and ROUGE metrics. Improvements on BLEU-4 are
more pronounced than BLEU-1, especially on the Yelp dataset,
where B4 improves by 25.9%. This indicates better fluency and
higher-order n-gram matching in the generated explanations.
For personalization, TPLER shows gains in Feature Coverage
Ratio (FCR) and Unique Sentence Ratio (USR), demonstrating
a superior ability to incorporate diverse features and generate
unique explanations. The experimental results demonstrate the
effectiveness of the proposed multi-task training strategy and
the topic-enhanced personalized prompts for the explanation
generation task, leading to explanations that are more person-
alized and higher in quality.

As shown in Table III, the proposed TPLER model demon-
strates superiority in rating prediction, achieving the best
performance on three datasets for both RMSE and MAE.
From the overall results, deep learning-based models generally
achieve higher accuracy than traditional matrix factorization-
based models. This is primarily because deep learning models,
with their more complex network architectures, capture the
feature representations of users and items more effectively.
Compared to the PETER model, the TPLER model reduces
RMSE by approximately 8.56% and MAE by approximately
9.19% on average in the rating prediction task, validating
the effectiveness of its topic-enhanced prompts and multi-task
training strategy in enhancing rating prediction accuracy.

b) Ablation Study (RQ2): This section conducts ablation
study to analyze the effectiveness of key modules in the
model, including topic-enhanced feature extraction and multi-
task learning strategy. Fig. 3 shows the results for the MAE



TABLE III: Rating prediction performance comparison

Dataset Model RMSE | MAE |
TopicMF 1.31 1.12
NRT 1.23 1.07
Amazon CAML 1.24 1.06
PETER 1.21 1.01
TPLER 1.19 0.94
TopicMF 1.17 0.88
NRT 0.91 0.73
TripAdvisor CAML 0.94 0.69
PETER 0.92 0.70
TPLER 0.81 0.62
TopicMF 1.57 0.96
NRT 1.19 0.92
Yelp CAML 1.18 0.89
PETER 1.16 0.87
TPLER 1.02 0.79

The best performance on each dataset is highlighted in bold. | indicates
lower values are better.

£ TPLERS =3 TPLERR 3 TPLER 9 TPLERS BN TPLERG  E1 TPLER
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Fig. 3: Ablation study

and ROUGE-2 metrics, respectively.

Three variant models TPLER-S, TPLER-R and TPLER-
G are designed in our experiments. Compared with TPLER,
TPLER-S removes the association between continuous
prompts and discrete prompts; meanwhile, the review corpus
loss Lo is also removed from (14). The TPLER-R model
only considers the rating prediction task by retaining the
loss Lr. The TPLER-G model retains only the explanation
generation loss L¢. As shown in Fig. 3a and 3b, the TPLER
multi-task learning model outperforms both single-task models
Lr and Lo across all datasets. Furthermore, The results
show that TPLER-S performs worse than TPLER and the
single-task variants TPLER-R and TPLER-G in terms of
both recommendation accuracy and explainability. This finding
clearly verifies that there exists a correlation between the
rating prediction task and the explanation generation task.
The improvement in model performance is attributed to the
topic-enhanced feature extraction strategy, which effectively
captures the intrinsic correlation between the two tasks, rather
than merely incorporating auxiliary features.

c) Hyper-parameter Sensitivity Analysis (RQ3): As re-
vealed in Fig. 4 that the results of both recommendation and
explanation generation are influenced by the number of latent
topics K. Both tasks achieve their best performance when
K =10.

MAE
ROUGE-2

10 15 20 5 10 15 20

Number of Latent Topics, K Number of Latent Topics, K

(a) Rating prediction task

Fig. 4: Trends of MAE and ROUGE-2 values with different
number of topics

(b) Explanation generation task

TABLE 1V: Comparison of explanations generated by PE-
PLER and TPLER models

Example 1 hotel, location, airport
Ground-Truth great hotel in great location
PEPLER the hotel is very nice and the staff is
very helpful
TPLER the hotel is very close to the airport
Example 2 rooms, floor, service

Ground-Truth rooms are spacious (even the cheaper

ones) and nicely furbished

PEPLER the hotel is connected to the airport by
a direct underground
TPLER the rooms are very nice and the
service is very good
Example 3 bath, bed, hotel

Ground-Truth bathrooms supplied with excellent
toiletries

the apartment was clean and spacious
the bathroom was very clean and the

amenities were of a high standard

PEPLER
TPLER

d) Explainability Study (RQ4): Table IV displays ex-
planation examples generated by the PEPLER and our pro-
posed TPLER on TripAdvisor dataset. Ground-Truth denotes
the user’s actual review label for the hotel, and the words
highlighted in bold represent the discrete prompts learned
by the model. It is clear that compared with PEPLER,
the explanations generated by TPLER contain more topic-
enhanced prompt words and are more informative, resulting
in higher-quality and more personalized explanations. Fur-
thermore, the explanations generated by TPLER are topically
closer to the ground-truth explanations.

VI. CONCLUSION

In this paper, we propose an explainable recommendation
method TPLER based on pre-trained transformer model, which
improves the personalization and quality of explanations by
mining topical structure of the textual review. We first design
a topic-enhanced feature extraction strategy based on the
LDA model. Then continuous prompt and discrete prompt are
obtained from ID embeddings and extracted features. Finally
the continuous prompts and discrete prompts are integrated as
the input of pre-trained transformer model. Two-stage multi-
task training strategy is proposed to jointly optimize the



rating prediction and explanation generation tasks. Extensive
experiments conducted on Amazon, TripAdvisor and Yelp
datasets demonstrate the superiority of our TPLER model over
various state-of-the-art baselines. For future work, we will
adopt a more capable pre-trained language model to improve
explanation quality. In addition, beyond considering topic
structures, exploring other information such as sentiment and
opinions in reviews will also help enhance the personalization
of explanations.
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