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Multimodal Contrastive Transformer for
Explainable Recommendation

Zhuang Liu , Yunpu Ma , Matthias Schubert , Yuanxin Ouyang , Wenge Rong , and Zhang Xiong

Abstract— Explanations play an essential role in helping users
evaluate results from recommender systems. Various natural
language generation methods have been proposed to generate
explanations for the recommendation. However, they usually
suffer from two problems. First, since user-provided review
text contains noisy data, the generated explanations may be
irrelevant to the recommended items. Second, as lacking some
supervision signals, most of the generated sentences are similar,
which cannot meet the diversity and personalized needs of users.
To tackle these problems, we propose a multimodal contrastive
transformer (MMCT) model for an explainable recommendation,
which incorporates multimodal information into the learning
process, including sentiment features, item features, item
images, and refined user reviews. Meanwhile, we propose a
dynamic fusion mechanism during the decoding stage, which
generates supervision signals to guide the explanation generation.
Additionally, we develop a contrastive objective to generate
diverse explainable texts. Comprehensive experiments on two
real-world datasets show that the proposed model outperforms
comparable explainable recommendation baselines in terms of
explanation performance and recommendation performance.
Efficiency analysis and robustness analysis verify the advantages
of the proposed model. While ablation analysis establishes the
relative contributions of the respective components and various
modalities, the case study shows the working of our model from
an intuitive sense.

Index Terms— Contrastive learning, explainable recommen-
dation, multimodal information, natural language generation,
transformer.

I. INTRODUCTION

RECOMMENDER systems are the most potential tech-
nology to tackle the problem of information overload

and have been widely used in many fields. Users can rely
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Fig. 1. Two examples of user reviews on CSJ dataset. (a) Example 1.
(b) Example 2.

on recommender systems to filter out the information they are
interested in. However, most recommender systems only focus
on the accuracy of recommended results while ignoring the
explainability. Recently, many explainable recommendation
methods have been proposed [1], [2], [3], [4], [5], which can
not only provide users with recommendation results, but also
generate corresponding explanations.

Compared with other explanation styles (e.g., item neigh-
bors [6], [7] and knowledge graph paths [8], [9]), text
explanation is the most intuitive one since users generally
provide a large number of reviews for these items they have
interacted. The first example in Fig. 1(a) illustrates a user
review on the Clothing_Shoes_and_Jewelry (short for CSJ)
dataset from Amazon.com. The user Tiana rated this hoodie
five stars with relevant text explanations such as “Excellent
hoodie! Excellent price!”. This example indicates that the
review text can well reflect the user’s preference and make
the rating more convincing.

Generally speaking, text explanation generation methods
mainly consist of two categories: template-based methods
and natural language generation. In particular, template-based
methods first predefine a sentence template and then predict
the vacant words in the sentence [3], [10]. However, these
methods are challenging to meet the diversity and flexibility
of the generated explanations. To address this problem,
natural language generation approaches have been proposed
recently [5], [11]. These methods can automatically generate
flexible free-text explanations based on user reviews.

However, there exist three key challenges in current natural
language generation approaches. C1: user-provided review
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texts contain noisy data, resulting in the generated explanations
that may be irrelevant to the target item. Take Fig. 1 as an
example, the sentences in the blue rectangle are regarded as
noises, which are irrelevant to the item, and cannot guarantee
the quality of the generated explanations. C2: due to the
lack of a variety of supervision signals, the diversity of
the generated explanation is poor, which cannot meet the
personalized needs of users. For the second example in
Fig. 1(b), according to the review text, the focus of user
Steven B. Cook lies on the collar and cuffs areas. Therefore,
the image of this shirt can provide a supervision signal to
guide the explanation generation. In addition, the sentiment
information conveyed from the rating can also be viewed
as another supervision signal. C3: most studies adopt the
negative log-likelihood (NLL) as the loss function to train
the generation model. However, it often learns an anisotropic
distribution for word representations and further leads to the
generated texts containing undesirable repetitions [12].

Motivated by these challenges, we propose a multimodal
contrastive transformer (MMCT) model for an explainable
recommendation. In particular, our model consists of two
modules: rating prediction and explainable text generation.
The rating prediction module is to provide predicted ratings.
Here, we stack two multilayer perceptron (MLP) networks.
The first MLP encodes the user–item pair to a latent sentiment
vector, which is viewed as a supervision signal in explainable
text generation. The second MLP maps the sentiment vector
into the numerical rating. The explainable text-generation
module aims to generate a recommendation reason consisting
of a sequence of words. Motivated by the strong language
modeling ability, we appeal to a Transformer model for
explainable text generation. (C1) To ensure the quality of
the ground-truth explanations, we resort to the Sentires
toolkit [13] to filter out noisy information in the user reviews.
To make the generated explanations related to the user
and item, we first encode the user ID, item ID, and item
features (e.g., shoes, price, which can be extracted from
user reviews) into latent representation by a personalized
Transformer encoder. The user ID and item ID are used to
satisfy personalization and the item features aim to guide
the model to talk about specific topics. Following [5],
we employ a context prediction task to predict the words
in the explanation text based on the user ID and item ID.
(C2) In the stage of generating explanations, we propose a
dynamic fusion mechanism, which incorporates multimodal
information, including sentiment features (obtained from the
recommendation module), item images, and refined user
reviews. We obtain the explainable text through the contrastive
Transformer decoder and view the multimodal information as
supervision signals to guide the explanation generation. (C3)
In addition, to learn discriminative and diverse explainable
texts, we develop an auxiliary contrastive objective for the
training of the generation.

The contributions of this article are threefold.

1) We propose the MMCT model for personalized recom-
mendation and natural language explanation generation,
which incorporates multimodal information into the
learning process, including sentiment features, item
features, item images, and refined user reviews.

2) We propose a dynamic fusion mechanism during the
decoding process, which induces multimodal informa-
tion as supervision signals to guide the explanation
generation. And we develop a contrastive objective to
generate diverse explainable texts.

3) We conduct extensive experiments in terms of explana-
tion performance and recommendation performance on
two real-world datasets. Experimental results show the
rationality and effectiveness of our model. In addition,
we design a comprehensive ablation study to investigate
the contributions of the various modalities and compo-
nents of our model, while the case studies provide a
clearer understanding of recommendations.

In the following, we first review some related works in
Section II and then formulate the problem of explainable
recommendation in Section III. In Section IV, we elaborate
on our MMCT framework and introduce each component in
detail. Subsequently, we present the experimental results and
related analyses in Section V. We conclude this work and
discuss some future directions in Section VI.

II. RELATED WORK

In this section, we briefly review the recent progress related
to our work: explainable recommendation and contrastive
learning-based recommendation.

A. Explainable Recommendation

Explainability of recommendations can have several forms,
and we will mainly focus on generation-based approaches
here. There are currently two mainstream solutions to
generate explainable texts: template-based methods and
natural language generation-based methods. Template-based
methods adopt some fixed predefined templates to generate
explanations, and they predict different words in the templates
to personalize them [14], [15], [16]. For example, Extract–
Expect–Explain (EX3) [17] learns important attributes directly
from users’ historical behaviors to explain the recommendation
results, which is a behavior-oriented method. However, it relies
on predefined templates and cannot control sentence quality
well. To tackle that, NETE [10] designs a “neural template”
to guide the model to generate template-controlled sentences
that is adaptive to specific features. In summary, template-
based methods need extensive human efforts to define
various templates in different scenarios, which may hinder
the diversity and flexibility of explanations. To address the
problem, natural language generation methods have been
proposed in recent years [11], [18], [19], [20]. As an
earlier work, NRT [21] aims to generate an abstractive
tip based on user and item IDs through gated recurrent
neural networks. Compared to NRT, MRG [22] incorporates
multimodal information to generate explanations, including
sentiment features, visual features, and review texts. It further
improves the recommendation performance and text quality.
To strengthen the connection between the explanation task
and recommendation task, SAER [11] proposes a sentiment
alignment task to force the recommendation module to
influence explanations’ learning directly. To enhance the
personalization of the generated explanations, PETER [5]
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is proposed, which is a personalized Transformer model.
It designs a context prediction task to predict words in the
explanations based on the user ID and item ID.

B. Contrastive Learning-Based Recommendation
Aims to learn high-quality discriminative user and item

representations in a self-supervised manner [23], [24], [25],
[26], [27]. For example, CLRec [28] proposes a contrastive
learning framework for debiased deep candidate generation
in recommender systems. It can efficiently reduce selection
bias and improve recommendation performance. SGL [29]
proposes a self-supervised graph learning framework, which
performs dropout operations over the user–item graph.
Additionally, CML [30] designs a multibehavior contrastive
learning paradigm to capture the transferable user–item
relationships from multityped user behavior data. To verify the
effectiveness of data augmentation in recommender systems,
GACL [31] proposes a graph augmentation-free contrastive
learning method. It simplifies the uniformity by adding
random noise to users’ and items’ embeddings and enhances
the recommendation performance from a geometric view.
In addition, KGCL [26] designed a general knowledge graph
contrastive learning framework to alleviate the information
noise for knowledge graph-enhanced recommender systems.

III. PROBLEM FORMULATION

The universal sets of users and items are denoted U and
I, respectively. Their latent embedding matrices are defined
as P ∈ R|U |×d and Q ∈ R|I|×d , respectively, and d is the
dimension of the embedding vectors. The rating set between
the users and items is defined as R = {(u, i)|, where user
u has rated item i with rating score ru,i }. Each item i ∈ I
is attached with an image, which can be viewed as a visual
feature of this item. We also define a vocabulary set V =

{w1, w2, . . . , w|V|} for explanation generation, F is the feature
set, which is a subset of vocabulary F ⊂ V . Let Eu,i =

{w1
u,i , w

2
u,i , . . . , w

|Eu,i |

u,i }(u ∈ U , i ∈ I) be the refined review
text of user u on item i , where wt

u,i is the t th word, and |Eu,i |

is the length of the review. We define the set of all user refined
reviews as W = {Eu,i |(u, i) ∈ R}.

Formally, given a multimodal recommendation dataset
{U , I,R,F ,W}, our task is to predict a rating r̂u,i and gener-
ate a natural language sentence Êu,i = {ŵ1

u,i , ŵ
2
u,i , . . . , ŵ

|Êu,i |

u,i }

as an explanation for each user u ∈ U and item i ∈ I to justify
why i is recommended to u, where |Êu,i | is the length of
generated explanation. When generating the explainable texts,
we consider multimodal information, including user ID pu ,
item ID qi , item features Fu,i = { f 1

u,i , f 2
u,i , . . . , f lu,i

u,i } (it is a
subset of feature set Fu,i ⊂ F , lu,i is the length of features for
user–item pair (u, i)), item image, sentiment feature su,i , and
refined user review Eu,i for item i .

IV. METHODOLOGY

In this section, we introduce our MMCT model principle.
Specifically, we first give an overview of the proposed model
and then detail each model component. At last, we present
the overall optimization objective and discuss how to train the
model parameters.

A. An Overview of MMCT Model

Our proposed MMCT model consists of two major modules:
a rating prediction module and an explainable text-generation
module. An overview of the model is given in Fig. 2. The
rating prediction module takes a user and item pair (u, i)
as input to predict a recommendation score r̂u,i through
stacking two MLP networks. The first MLP encodes the (u, i)
pair into a latent sentiment vector su,i , which is defined as
a sentiment encoder. The second one maps the sentiment
vector su,i into the recommendation score r̂u,i , which is
defined as a rating regressor. The sentiment vector su,i can
be viewed as a supervision signal to guide the explanation
generation. The right part of Fig. 2 depicts the process of
generating explainable text. It contains two major components,
the encoder for extracting user and item information and the
decoder for explainable text generation. Based on Transformer,
the encoder extracts features from user u, item i , and
item features Fu,i . The extracted features are fed into the
Transformer decoder so that it can generate personalized and
fitting topic explanations for the target item. Following [5],
we employ a context prediction task to predict the words in
the explanation text based on the user ID and item ID. In the
decoding process, we propose a dynamic fusion mechanism
to guide explanation generation, which considers multimodal
information, including an explanation Eu,i extracted from
user reviews, item visual feature ev , and sentiment vector
su,i . In this way, we can adaptively incorporate this
multimodal information for each user and generate high-
quality explanations. In addition, we employ a contrastive
Transformer decoder to translate this multimodal information
into a sequence of words dynamically as an explanation. The
contrastive objective aims to learn discriminative and diverse
sentences. We describe each component and corresponding
technique in the following subsections.

B. Rating Prediction

In this module, we aim to get the recommendation score
r̂u,i and the sentiment vector su,i for each user and item pair
(u, i) in R. More formally, we define the embedding matrices
of users and items as P ∈ R|U |×d and Q ∈ R|I|×d , respectively.
Given a user–item pair (u, i), we first encode them into one-
hot vector Tu ∈ R1×|U | and Ti ∈ R1×|I| and then obtain the
user embedding vector pu ∈ R1×d

= Tu ·P and item embedding
vector qi ∈ R1×d

= Ti ·Q according to the embedding matrix.
Next, we concatenate these two vectors together

z0 = [pu; qi ]
⊤

∈ R2d×1. (1)

The sentiment encoder takes z0 as its input and passes it
through an l-layer MLP network to get the sentiment vector
su,i . We can describe this process as follows:

z1 = φ(W1z0 + b1), . . . , zl = φ(Wlzl−1 + bl) (2)

where φ is the activate function (e.g., sigmoid function,
φ(x) = 1/(1 + e−x )), W1 ∈ Rd×2d , Wl ∈ Rd×d ,

b1 ∈ Rd×1, bl ∈ Rd×1 are projection matrix and bias. Here,
we view the lth layer’s output zl as sentiment vector su,i ,
su,i = z⊤

l ∈ R1×d . Let us note that, on the one hand, the
sentiment vector su,i is viewed as a supervision signal in the
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Fig. 2. Architecture of our proposed MMCT model. There are two major modules: a rating prediction module and an explainable text generation module.

process of explainable text generation; on the other hand, it is
used by the rating regressor through another MLP to get the
final recommendation score r̂u,i

zl+1 = φ(Wl+1zl + bl+1), . . . , zL = φ(WLzL−1 + bL) (3)

r̂u,i = Wr z⊤

L + br (4)

where Wl+1 ∈ Rd×d , WL ∈ Rd×d , Wr ∈ R1×d ,

bl+1 ∈ Rd×1, bL ∈ Rd×1, br are trainable parameters and L
is the number of layers of the MLP network. For this module,
we use mean square error (MSE) as the loss function

Lr =
1

|D|

∑
(u,i)∈D

(
ru,i − r̂u,i

)2
(5)

where D is the set of user–item pairs in the training set, and ru,i
is the ground-truth rating. After training, the rating information
is incorporated into su,i , which can be viewed as a sentiment
feature of the user u toward the item i . And it is helpful to
guide the explanation generation.

C. Explainable Text Generation
In the following, we will introduce each component

of our model in detail to generate explanations for the
recommendation results.

1) Personalized Transformer Encoder: To generate person-
alized explanations, this module aims to encode user and
item information, which is then fed into the contrastive
Transformer decoder. Specifically, given a user–item pair
(u, i), we first form the user ID, item ID, and item features
Fu,i = { f 1

u,i , f 2
u,i , . . . , f lu,i

u,i } into a sequence

X =

{
u, i, f 1

u,i , f 2
u,i , . . . , f lu,i

u,i

}
. (6)

The length of X is lu,i + 2, where lu,i is the length of item
features. Here, the user ID and item ID are used to meet the
personalized needs of users, the item features aim to guide the
decode module to focus on specific topics. It is worth noting
that item features are extracted from user review text, which
not only satisfies user preferences but also provides guidance
for the explanation generation.

Then, we feed the sequence X into the Transformer
encoder to obtain a latent semantic representation HK =

[hK ,1, . . . , hK ,lu,i +2], where K is the number of layers. Each
layer contains two sublayers: a multihead self-attention and
a position-wise feed-forward network. To make up the gap

between ID distribution and word distribution, we follow [5]
and employ a context prediction task to predict the words in
the explanation text based on the user ID and item ID. More
formally, it utilizes hK ,2 to predict the word in the explanation
Eu,i , that leads to

ct = softmax
(
WvhK ,2 + bv

)
(7)

where ct ∈ R|V| is a |V|-sized vector, which represents the
probability distribution over the vocabulary V , Wv ∈ R|V|×d ,
and bv ∈ R|V| are weight parameters. We can sample a word
w from ct with probability cw

t . Finally, we adopt NLL as the
loss function to implement this task

Lcp =
1

|D|

∑
(u,i)∈D

1
|Eu,i |

|Eu,i |∑
t=1

− log cwt
2 (8)

where Eu,i is a ground-truth explanation, which is extracted
from the review text of user u toward item i . wt denotes the
predicted word from the second position in the input sequence,
t is the time step, cwt

2 is the sample probability for wt . It is
worth noting that the words in context are from the explanation
Eu,i , but they are not sequentially ordered (see Fig. 2).

2) Contrastive Transformer Decoder: This module aims
to generate personalized and diverse explainable text for
recommendation results based on multimodal information.
Here, we take the last step output hK ,lu,i +2 as the initial state for
the decoder and redefine it as ho. First of all, we need to extract
ground-truth explanations from user reviews. As suggested
in [19], some sentences in the user review are irrelevant to
the target item, and these noisy data will mislead the model to
generate reliable explanations. Take Fig. 1(a) as an example,
the sentence in blue rectangle “Thank you so much! For
reference—my son is a thicker 7 year old than some.” does not
provide information about the reason why the user liked this
item. Therefore, sentences like this should be filtered out to
ensure the reliability of ground-truth explanations. An effective
explanation should describe the user’s preferences for the item,
like “super comfortable, well-made flannel.”

To filter out some noises in the user reviews mentioned
above, we resort to the Sentires toolkit [13]. In particular,
we first adopt this toolkit to extract (feature, opinion,
sentiment) triplets from the user reviews to construct a
contextual sentiment lexicon (see [13] for detail). Then,
we can obtain features (e.g., shoes, price) to describe the
attributes of the item. Next, we filter out the sentences that
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do not contain the words with these features, so that each
of the remaining sentences contains at least one item feature.
Finally, we manually filter out some irrelevant sentences based
on domain knowledge to form ground-truth explanations.
In this way, we can filter out some noisy information to a
certain extent to ensure high-quality explanations. We define
the set of all obtained ground-truth explanations as W =

{Eu,i |(u, i) ∈ R}.
For a ground-truth explanation Eu,i = {w1

u,i , w
2
u,i , . . . ,

w
|Eu,i |

u,i } ∈ W of user u toward item i , we produce a
special begin-of sequence token ⟨bos⟩ and a special end-of-
sequence token ⟨eos⟩ to mark its start and end positions, which
leads to {⟨bos⟩, w1

u,i , w
2
u,i , . . . , w

|Eu,i |

u,i , ⟨eos⟩}. We define each
conditional probability in the decoder as

p
(
wt

u,i

∣∣⟨bos⟩, w1
u,i , . . . , w

t−1
u,i

)
= p

(
wt

u,i

∣∣wt−1
u,i , ht

)
(9)

where ht is the context vector for time step t , which can be
calculated through the multihead self-attention sublayer

ht = concat
(
AL ,1, . . . , AL ,H

)
(10)

where L is the number of layers, H is the number of heads,
and AL ,H is the H th head of the Lth layer’s output. For each
Al,h , it can be computed as follows:

Al,h = softmax

(
Ql,hK⊤

l,h
√

d
+ M

)
Vl,h (11)

Ql,h = Sl−1WQ
l,h, Kl,h = Sl−1WK

l,h, Vl,h = Sl−1WV
l,h (12)

Mi, j =

{
0, i ≥ j
−∞, otherwise

(13)

where Sl−1 ∈ R|Eu,i |×d is the (l − 1)th layer’s output,
WQ

l,h ∈ Rd×(d/H), WK
l,h ∈ Rd×(d/H), WV

l,h ∈ Rd×(d/H) are
weight matrices, which project Sl−1 into query, key, and value,
respectively, and M ∈ R|Eu,i |×|Eu,i | is the attention masking
matrix.

After obtaining the context vector ht at time step t ,
we dynamically incorporate multimodal information as
supervision signals to guide the explainable text generation.
Then, we can obtain a more descriptive context vector h′

t
from ht . We will describe the dynamic fusion mechanism in
detail in the following subsection. We also adopt NLL as the
explanation task’s loss function

Le =
1

|D|

∑
(u,i)∈D

1
|Eu,i |

|Eu,i |∑
t=1

− log cwt
t . (14)

However, recent studies [32], [33] show that only using
the above objective function to train the language models
often leads to the problem of degeneration, especially for
Transformer-based models. It yields an anisotropic distribution
of word representations in the hidden space and results in
high similarity among different words. And it further makes
the generated texts contain some undesirable repetitions [12].
To alleviate this problem, we develop a contrastive training

objective, which is defined as

Lcl =
1

|Eu,i | × (|Eu,i | − 1)

|Eu,i |∑
i=1

|Eu,i |∑
j=1, j ̸=i

max
{
0, ρ − s

(
ewi , ewi

)
+ s

(
ewi , ew j

)}
(15)

where ρ ∈ [−1, 1] is a predefined margin, s(ewi , ew j ) is used
to calculate the similarity between the word representations
ewi and ew j , and s(ewi , ew j ) = e⊤

wi
ew j /||ewi ||||ew j ||. It is worth

noting that when the margin ρ = 0, the Lcl degenerates to
the NLL loss Le. We fine-tune our model by varying ρ from
−1.0 to 1.0 and ensure the best experimental results. In this
way, we aim to pull away the distance between representations
of distinct words and close the same word representation. This
can alleviate the degradation problem to a certain extent and
obtain an isotropic distribution of word representations and
further generate diverse explainable texts.

At the testing stage, we first feed the ⟨bos⟩ token and the
last hidden state ho from the Transformer encoder into the
Transformer decoder. And then, the decoder can produce a
probability distribution c⟨bos⟩, and we select greedy decoding
to generate a word with the largest probability. We do this
repeatedly until it produces ⟨eos⟩ token or reaches a predefined
length. This process can be formulated as follows:

ŵt
u,i = argmax

wt ∈V
cwt

t (16)

Êu,i =

{
ŵ1

u,i , ŵ
2
u,i , . . . , ŵ

|Êu,i |

u,i

}
(17)

where ŵt
u,i is the generated word in time step t , Êu,i is the

word sequence of generated explanation, and |Êu,i | is the
length of generated explanation.

3) Dynamic Fusion Mechanism: In the process of decoding,
we propose a dynamic fusion mechanism, which dynamically
incorporates multimodal information, including refined user
reviews, item images, sentiment features, and so on. We view
this information as a supervision signal to guide the
explainable text generation, which can purify the pregenerated
topic from the Transformer encoder.

To extract the features of the item image, we consider
CLIP [34] as the image encoder, whose parameters are
pretrained based on the dataset of 400 million (image, text)
pairs collected by [34]. Therefore, the visual feature can be
defined as

ev = CLIP(img) (18)

where img denotes item i’s image information. The sentiment
vector su,i and the context representation ht at time step t have
been produced in the previous subsection.

To guide the word generation at time step t , we dynamically
incorporate the visual feature ev and sentiment vector su,i .
First, we project the current context representation ht to a
scalar βt by a single-layer MLP network

βt = σ
(
Wx ht + bx) (19)

where σ is the sigmoid function and Wx
∈ R1×d , bx are

projection matrix and bias, respectively. And then, we merge
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su,i and ev dynamically by βt

h̃t = βt su,i + (1 − βt )ev. (20)

Finally, more descriptive context representation h′
t can be

obtained through concatenating h̃t and ht , for example, h′
t =

[h̃t ; ht ]. It is worth noting that βt is a time-varying gate
function to model whether the current word is generated from
the visual features or the sentiment features in a soft manner.
The larger the βt is, the more attention is paid to the sentiment
features when decoding; otherwise, more attention is paid to
the visual features. In this way, we can achieve personalization
for each user by adaptively learning the weight parameter βt .
Meanwhile, it can generate a personalized and high-quality
explanation for each recommendation result.

D. Model Optimization

To effectively learn the parameters in our proposed MMCT
model, we form a linear combination of the above-mentioned
objectives to obtain a joint loss function that leads to

L = λrLr + λcpLcp + λeLe + λclLcl (21)

where λr , λcp, λe, λcl are regularization weights that balance
the learning of different components.

E. Model Analysis

The time complexity of our MMCT model mainly contains
two parts: rating prediction and explainable text generation.
Particularly, the complexity of rating prediction is O(L(|U | +

|I|)d2), where L is the number of layers of the MLP network.
Generally speaking, |U | + |I| ≫ d , the essential time
complexity of rating prediction is controlled by the number
of users and items, |U | and |I|. As for explainable text
generation, the Transformer model is the main time cost, which
is controlled by the number of ratings |R|, the dimension
of embedding vectors d , the number of heads H , and the
length of input sequence |E |. Summarily, the complexity of the
explainable text-generation task is O(|R|(|E |

2d H + |E |d2)),
which includes the complexity of multihead self-attention
O(|E |

2d H) and the complexity of feed-forward network
O(|E |d2). Since the multihead attention used in the proposed
MMCT is parallelizable, the time cost is smaller than RNN-
based network, for example, LSTM and GRU.

V. EXPERIMENTS

A. Datasets

We conduct our experiments on two publicly available
Amazon e-commerce explainable recommendation datasets1:
Movies_and_TV and Clothing_Shoes_and_Jewelry (short for
MTV and CSJ, respectively). The way of data preprocessing
follows [5]. Each record is comprised of a user ID, an item ID,
a rating on a scale of 1–5, an explanation, and a feature. Each
item is accompanied by an image. We keep the top 20 000
words with the highest frequency to form our vocabulary V
and mark the rest as “unk.” Statistics of the two datasets after
processing are shown in Table I. We randomly divide each

1https://nijianmo.github.io/amazon/index.html

TABLE I
STATISTICS OF THE TWO DATASETS

dataset into three subsets: 80%, 10%, and 10%, for training,
validation, and testing. And ensure that each user and item in
the testing set is included in the training set. Each user and
item in the training set contains at least one record.

B. Baselines

We compare our model with the following explainable
recommendation baselines.

1) ACMLM [19] is an aspect conditional model based
on fine-tuned BERT [35] to generate personalized and
diverse justifications as explanations.

2) MRG [22] is a multimodal review generation model
which simultaneously predicts rating with an MLP
network and generates explanations with LSTM.

3) NETE [10] is a tailored GRU that learns sentence
templates from data and generates template-controlled
sentences by incorporating a specific feature.

4) SAER [11] designs a sentiment alignment task between
recommendation and explainable text generation, which
force the recommendation module to influence the
learning of explanations directly.

5) PETER [5] is a personalized Transformer model for
explainable recommendation. For a fair comparison,
we select feature-based PETER, namely, PETER+,
which is the state-of-the-art explanation generation
approach.

For recommendation performance, besides MRG, NETE,
SAER, and PETER+, we compare our model with another
three recommendation baselines.

1) PMF [36] is a probabilistic matrix factorization model
with the assumptions of Gaussian distribution for rating
values.

2) SVD++ [37] is a singular value decomposition model
incorporating neighborhood information and rating
values.

3) NRT [21] can simultaneously generate short tips and
make recommendations based on user and item IDs.
However, it only considers ID information. For a fair
comparison, we only compare the recommendation
performance, not the explanation performance.

C. Evaluation Metrics

1) Recommendation Task: To measure the recommendation
performance of different methods, we adopt four widely used
evaluation metrics: root MSE (RMSE) and mean absolute
error (MAE) for rating prediction, normalized discounted
cumulative gain (NDCG), and hit ratio (HR) for personalized

Authorized licensed use limited to: BEIHANG UNIVERSITY. Downloaded on April 02,2024 at 22:23:02 UTC from IEEE Xplore.  Restrictions apply. 



2638 IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS, VOL. 11, NO. 2, APRIL 2024

ranking. Here, we investigate the top-K recommendation
problem and report the ranking results of top-5, for example,
NDCG@5 and HR@5. For RMSE and MAE, a lower value
indicates better performance, while larger values are better for
NDCG@5 and HR@5.

2) Explanation Generation Task: As to explanation perfor-
mance, following [5], we measure the generated explanations
in terms of text quality and explainability. For the former,
we adopt three commonly used metrics, BLEU [38], ROUGE
[39], and USR [10]. We report BLEU-1 and BLEU-4, and
Precision, Recall, and F1 of ROUGE-1 and ROUGE-2 (short
for B1, B4, R1-P, R1-R, R1-F, R2-P, R2-R, and R2-F,
respectively). For the latter, we adopt the other three metrics
proposed by [10]: feature matching ratio (FMR), feature
coverage ratio (FCR), and feature diversity (DIV). For DIV,
lower values indicate better performance. For others, the
higher the scores are, the better the performance is.

D. Implementation Details

We implemented our model in Pytorch. Following [5],
we set the embedding size d to 512 and the number
of layers and attention heads H in Transformer are both
2. The dimension size of the position-wise feed-forward
network in Transformer is set to 2048. The number of
layers of the MLP network in the recommendation module
is set to 2. We set the weights of different loss function
λr , λcp, λe, and λcl to 0.1, 1.0, 1.0, and 1.0, respectively. Grid
search is applied to choose the margin ρ over the ranges
{−1.0, −0.6, −0.3, 0, 0.3, 0.6, 1.0}. We optimize the model
via stochastic gradient descent and set the batch size to 128.
We set the initial learning rate to 1.0 and decrease it by
a factor of 0.25 when the loss on the validation set does
not decrease. We use an early stopping strategy when there
is no improvement on the validation set for five episodes.
According to [5], we set the maximum length of generated
explanations |Êu,i | to 15, which is reasonable since the average
words per ground-truth explanation in these two datasets are
14.14 and 10.48, respectively. For all considered baselines,
the hyperparameters are set according to the suggestions from
the settings specified in the original publications. We train all
models on a single NVIDIA GeForce GTX 3090 GPU.

E. Explanation Performance

We first analyze the explanation performance with respect
to several explainable recommendation baselines. Table II
summarizes the best results of all considered baselines on the
two datasets. Bold scores indicate the best performance in each
column, and underlines indicate the second best. ∗ denotes the
statistical significance over the best baseline for p < 0.05 via
t-test. The last row in each dataset shows the improvements
of MMCT relative to the best baseline.

The ACMLM method shows the worst performance in all
metrics except USR on the two datasets. This is because
ACMLM is a fine-tuned BERT [35], which is achieved
by predicting masked tokens. It is quite different from
the conventional autoregressive generation. Although it can
produce diverse sentences (high USR), the text quality and
explainability of them are relatively poor, which indicates

that these sentences are less meaningful. In contrast, MMCT
can generate high-quality sentences. In terms of USR,
our MMCT model significantly outperforms all considered
baselines except for ACMLM. This shows that introducing
contrastive training in the decoding process can generate more
diverse sentences.

Our MMCT consistently outperforms all considered base-
lines in terms of text quality (BLEU and ROUGE). They
measure the quality of the generated explanations at the word
level. On the one hand, BLEU is a precision-based metric,
which measures how well a generated sentence matches the
ground-truth explanation. Our MMCT model achieves a larger
BLEU score, which means more overlapping n-grams between
generated explanations by MMCT and the ground truth. On the
other hand, ROUGE is a recall-based metric, our MMCT
model has a higher ROUGE score, which indicates that more
content in ground-truth sentences is included in the generated
explanations. This further demonstrates our MMCT model is
able to produce high-quality texts that are much closer to the
ground truth. Moreover, MRG also incorporates multimodal
information. However, it is an LSTM-based generative method
that may suffer from the notorious long-term dependency
problem, and its ability to generate sentences is inferior to the
Transformer in MMCT. GRU-based methods such as NETE
and SAER are unable to incorporate multimodal information,
which slightly performs worse than MRG. PETER+ is a
personalized Transformer generative method, and it also
incorporates item features. However, it ignores the item image
and sentiment feature and cannot generate supervision signals
to guide the explanation generation during the decoding
process. Therefore, it is slightly inferior to our MMCT
model.

As to explainability (FMR, FCR, and DIV), they measure
the quality of generated explanations at the feature level. The
results show that our MMCT model consistently outperforms
all considered baselines in terms of FMR and FCR. Especially,
MMCT accomplishes significant performance gains of 20.59%
on the MTV dataset and 7.32% on the CSJ dataset in terms of
FCR metric against the strongest baselines. This indicates that
our model is not only able to generate specific item features,
but also covers more feature information. It further illustrates
that incorporating item images and sentiment features into
the decoding process can effectively guide the generation
of specific words. Regarding the explainability metric DIV,
MMCT is also very competitive. This further demonstrates
that our MMCT model can generate high-quality explanations
while ensuring the diversity of sentences (high USR) and
features (low DIV) and can also cover more features that users
may be interested in.

F. Recommendation Performance
We evaluate the recommendation performance in terms

of rating prediction (by RMSE and MAE) and personalized
ranking (by NDCG@5 and HR@5) on the two datasets. The
results are shown in Table III.

For the rating prediction task, PMF achieves poor
performance on the two datasets. This indicates that the
matrix factorization method without considering additional
side information, which is insufficient to capture the complex
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TABLE II
COMPARISON OF THE DIFFERENT GENERATION BASELINES IN TERMS OF EXPLAINABILITY AND TEXT QUALITY ON TWO DATASETS. BLEU AND

ROUGE ARE PERCENTAGE VALUES (I.E., 9.52 MEANS 9.52%), WHILE THE OTHERS ARE ABSOLUTE VALUES (I.E., 0.10 MEANS 0.10)

TABLE III
RECOMMENDATION PERFORMANCE COMPARISON OF ALL CONSIDERED BASELINES IN TERMS OF RMSE, MAE, NDCG@5(%), AND HR@5(%)

relations between users and items, further limiting the
performance. SVD++ slightly outperforms PMF because of
the incorporated neighborhood information. The performance
of other considered recommendation baselines is relatively
close under RMSE and MAE. This is because the rating
prediction task is only evaluated on a very small number
of unobserved items compared with the personalized ranking
task, while not all items are sorted by predicted score, which
may cause selection bias in the data [40]. It is consistent
with the results shown in [10]. In addition, our MMCT
model slightly outperforms the considered baselines. On the
one hand, this is due to the mutual promotion between
the generation task and recommendation task; on the other
hand, the incorporated multimodal information leads to better
recommendation performance.

As to the personalized ranking task, we first apply our
proposed MMCT model to get the predicted rating scores of
each user in the testing set for all items and then sort them in
descending order to obtain the top five items with the highest
scores. We calculate the corresponding two metrics (e.g.,
NDCG@5 and HR@5) based on the top-5 results. The most
obvious observation is that the performance gap among each
considered recommendation baseline widens compared to the
rating prediction task. Concretely, multimodal-based methods
(NRT, MRG, NETE, SAER, and PETER+) generally perform
better than rating-only methods (PMF and SVD++), which
shows that incorporating rich multimodal information can
effectively improve recommendation performance. Generally

TABLE IV
EFFICIENCY COMPARISON OF DIFFERENT MODELS IN

TERMS OF TRAINING MINUTES ON THE MTV DATASET

speaking, our MMCT model outperforms other recommenda-
tion baselines in most cases.

In summary, our proposed MMCT model generates higher-
quality explanations on the basis of guaranteed recommen-
dation performance. On the one hand, it provides a more
reliable reason for user decision-making; on the other hand,
it describes user preferences better and then makes more
accurate recommendations. In addition, this also shows that
the training process of the two tasks (rating prediction task
and explanation generation task) are complementary, so it is
beneficial to train them together.

G. Efficiency Analysis
In this subsection, we investigate the efficiency of different

models. We compare the training minutes on the same machine
(NVIDIA Geforce RTX 3090) and dataset (MTV), and the
results are shown in Table IV. Both ACMLM and our model
MMCT are based on Transformer, our model takes less time to
train (5.4 min per epoch). This is due to the fact that has only
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TABLE V
RESULTS OF ROBUSTNESS ANALYSIS ON THE CSJ DATASET

two layers, compared to the 12-layer ACMLM. In addition,
since ACMLM adopts pretrained BERT for fine-tuning, it only
takes four epochs to converge. While other models need more
epochs since they are trained from scratch. Both LSTM-based
MRG and GRU-based NETE utilize recurrent neural networks,
which take more time than Transformer-based MMCT that can
be parallelized. More concretely, compared with LSTM, GRU
simplifies the cell state and has fewer parameters, so NETE
takes less time than MRG.

H. Robustness Analysis

In order to verify the robustness of MMCT, we compared
three attack methods and two defense methods on the CSJ
dataset. Among them, FGSM [41] and MAG-GAN [42] aim
at attacking the representations of users, items, and words,
and GRIP-GAN [43] aims to learn a general robust inverse
perturbation for these representations first, then defend against
these attacks via a generative adversarial network (GAN).
APR [44] is an adversarial training method in the field of
personalized recommendation, Adv-BPR [44] aims to attack
the representation of users and items by adding adversarial
noise to them, and APR conducts adversarial training against
Adv-BPR. We set ϵ to 0.5 in FGSM and Adv-BPR, to control
the magnitude of adversarial perturbations. The switch η is
set to 1 to generate dynamic GRIPs in GRIP-GAN. The
experimental results are shown in Table V. The first row shows
the original results of MMCT.

It can be observed that the three attack methods, FGSM,
MAG-GAN, and Adv-BPR, lead to a sharp drop in
recommendation performance and sentence diversity (lower
USR). In particular, MAG-GAN decreased by 175%, 211.11%,
and 250% in terms of NDCG@5, HR@5, and USR relative
to MMCT, which is due to the fact that the recommendation
task mainly depends on the representation quality of users
and items, when adding noise into them, will degrade its
performance. The context prediction task also depends on
item representations, and low-quality item representations
lead to low USR, which reduces the diversity of generated
explanations. These attacks have relatively little impact on
text quality and explainability. One possible reason is that
when generating explainable text, the image information of
the item also provides a part of the supervision signal so
that better explanations can also be obtained. In addition,
Adv-BPR achieves better text quality and explainability than
FGSM and MAG-GAN, since it only perturbs user and item
representations, but not word representations. As for defense
methods, GRIP-GAN outperforms the above attack methods,
which shows that the generated GRIPs by feeding different

random noise are able to defend against unconstrained
attacks. APR outperforms GRIP-GAN, which shows that
the perturbation method in GRIP-GAN is less suitable for
perturbing representations, and it may be more suitable
for image perturbation in the field of computer vision.
In summary, the recommendation task in the MMCT model is
weak against attacks, while the supervisory signal from item
image information makes the explainable text generation task
more robust.

I. Ablation Study

To investigate the respective contribution of our architecture
components and various modalities to the overall performance
of MMCT, we conduct an ablation study on these two
datasets. Specifically, we design three variants to verify
the effectiveness of various model components, including
removing rating prediction (w/o Lr ), context prediction (w/o
Lcp), and contrastive training objective (w/o Lcl). And we
verify the effectiveness of various modalities by removing
the sentiment feature (w/o su,i ) and visual feature (w/o ev).
Table VI shows the performance in terms of explainability,
text quality, and recommendation on MTV and CSJ datasets,
respectively. To highlight the effect of each component,
we focus on the most obvious metrics of decline in each row.
The percentage of relative decline compared with MMCT is
shown in the lower right corner brackets.

It can be seen that removing either component will degrade
both the explanation and recommendation performance.
In particular, the removal of Lr leads to the recommendation
performance drop dramatically. More concretely, the metrics
of RMSE and MAE decreased by 240.43% and 324.49%,
respectively, compared with MMCT on the MTV dataset,
and by 231.73% and 291.67% on the CSJ dataset. And the
performance of explainability and text quality also drops
slightly. This shows that the MSE loss plays a key role in the
rating prediction task and also can improve the explanation
performance to a certain extent. When disabling Lcp, the
metric of USR decreases most, about 222.22% and 40.00%
on MTV and CSJ datasets, respectively, which is consistent
with that mentioned in PETER. This indicates that the context
prediction task effectively bridges the connection between ID
distribution and word distribution, further generating diverse
explanations. The contrastive objective Lcl aims to generate
discriminative and diverse sentences; when disabling, the
metric USR will be decreased by 13.73% and 31.25% on MTV
and CSJ datasets, respectively. In addition, the performance
of feature-level also drops on the two datasets (lower FMR,
lower FCR, and higher DIV). It can be verified that contrastive
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TABLE VI
RESULTS OF ABLATION STUDY ON MTV AND CSJ DATASET. “W/O” MEANS DISABLING THE CORRESPONDING COMPONENT

TABLE VII
FOUR DIFFERENT CASES ON THE CSJ DATASET

training objective aims to generate diverse explanations in
terms of sentence level and feature level.

Next, we analyze the multimodal information incorporated
in our model, including sentiment feature su,i and the item’s
visual feature ev . It can be found that no matter which modality
is removed, both the explanation and recommendation
performance will drop. Specifically, the magnitude of the drop
is relatively close to the MTV dataset. While on the CSJ
dataset, the performance drops more when removing visual
feature ev relative to sentiment feature su,i . This indicates
that in the field of fashion, users pay more attention to the
appearance of items, and visual features perform a more
critical role in the process of explanation generation than
sentiment features.

Overall, MMCT shows the best performance in terms
of explainability, text quality, and recommendation. This
further demonstrates the effectiveness of each compo-
nent and modality in our model. And it can gener-
ate high-quality explanations and make more accurate
recommendations.

J. Case Study

To gain an intuitive sense of the working of our MMCT
model, in Table VII, we present four examples of explanations
generated by MMCT on the CSJ dataset. For each case,
we display the item image, user’s rating (from 1 to 5), average
β during the decoding process, and explanation obtained by
the ground-truth and MMCT model. It is worth noting that
the rating <3 denotes negative sentiment and ≥3 for positive
sentiment.

Specifically, for the first case, we can see that the user
mainly focuses on the price of the shirt according to the user’s
review text “The price is great” and is satisfied with the price
(the rating is 5.0). However, the feature of price cannot be
conveyed by the item image. Therefore, when generating an
explanation, we mainly focus on the sentiment feature from the
rating. Moreover, the average value of β learned by MMCT
is 0.83 during the process of generating an explanation. This
indicates that our MMCT model pays more attention to the
sentiment feature than the visual feature when decoding. In the
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second case, the user’s review is “This is a very comfortable
slide in shoe.” It can be seen that, on the one hand, the user
prefers this shoe (the rating is 4.0), and on the other hand,
the wide feature of the shoe can be obtained from the image,
so the average value of β learned by our MMCT model is 0.41.
This shows that in the process of generating an explanation,
we pay more attention to the item image.

For the latter two cases, the user conveys negative sentiment
(rating <3). In particular, for the third case, the user reviews
this pant that “Well-made but larger sizes not available.” This
indicates that the user is satisfied with the material of the
pants, but the size is too large, thus giving a negative rating of
2.0. Meanwhile, the average value of β learned by MMCT is
0.57, and it pays more attention to the sentiment feature than
the visual feature. In the last case, according to the review
text “It was very small in the waist,” we can see that this
user is not satisfied with this dress’s waist. In the process of
generating an explanation, on the one hand, the small feature
of this dress can extract from the item image; on the other
hand, the negative sentiment can be conveyed by the rating
(it’s 1.0); thus, the average value of β learned by MMCT is
0.45. Therefore, this shows that both the sentiment feature and
visual feature can be beneficial to explanation generation.

In summary, our MMCT model can incorporate multimodal
information reasonably, including sentiment features and
visual features, to learn supervision signals to guide
explanation generation. And the weight parameter β can be
adjusted adaptively to generate reasonable explanations for
different users. In this way, we can generate high-quality
explanations to assist users in their decision-making.

VI. CONCLUSION

We proposed the MMCT model for personalized recom-
mendation and natural language explanation generation, which
incorporates multimodal information, including sentiment
features, item features, item images, and refined user reviews,
to generate high-quality explanations. During the decoding
process, we proposed a dynamic fusion mechanism to induce
multimodal information as supervision signals to guide the
explanation generation. In addition, to learn discriminative and
diverse sentences, we developed a contrastive objective for
the training of the generation. Comprehensive experiments on
two real-world datasets showed the effectiveness of our model
in terms of explanation performance and recommendation
performance. While an ablation analysis established the
relative components, and the case study showed the working
of our model from an intuitive sense. In the future, we expect
to evaluate our model on other datasets to test its robustness
and consider its fairness based on some sensitive domains
involving valuable resource allocation, such as education, loan,
and employment.
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